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ARTICLE INFO  ABSTRACT 

Article history:  Measuring the sugar content in sugar beet is challenging because of the labor, 

expenses, and chemicals required. Hence, there is a necessity for a more efficient 

method to measure this content. This study aims to establish an efficient, non-

invasive method for detecting sugar content in sugar beets using hyperspectral 

imaging, which could revolutionize quality control in the sugar beet industry. This 

study used hyperspectral imaging to analyze 400-950 nm sugar beet paste. Pre-

processing techniques such as SNV (Standard Normal Variate) and SG (Savitzky-

Golay), along with wavelength selection methods such as SPA (Successive 

Projection Algorithm) and CARS (competitive adaptive reweighted sampling), 

were applied. Furthermore, various regression models including MLR (multiple 

linear regression), PLS (Partial Least Squares regression    ( , and SVR (Support 

Vector Regression) were employed for prediction. Evaluating these models based 

on R2 and RMSE criteria, the PLS regression model with SNV pre-processing and 

SPA wavelength selection stood out, achieving an R2 value of 0.91% and RMSE of 

0.24. These findings suggest the potential of hyperspectral imaging as a rapid and 

accurate means of determining sugar content in sugar beet across the VIS-NIR 

spectrum. 
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Highlights* 

• The analysis of hyperspectral images was investigated to predict the sugar content. 

• SG and SNV algorithms were used for preprocessing. 

• CARS and SPA algorithms were used to select the effective wavelengths. 

• Models for prediction have been created by MLR, PLS and SVR algorithms. 

• The best model for prediction of sugar content were selected. 

 

1. Introduction 
Assessing the sugar content in sugar beet is essential for 

both sugar factories and farmers, particularly in regions 

where payments to farmers are based on sugar content 

(Uygan et al., 2021; Wang et al., 2022). Since sucrose 

comprises C–H, O–H, C–C, and C–O bonds, various 

methods such as enzymatic analysis, HPLC, and 

polarimetry have been employed for their measurement 

(Pan et al., 2015a). Among these, the polarimetric method 

is favored for its simplicity and is commonly used in sugar 

factories. This method involves mixing 26 grams of sugar 

beet paste with 177 grams of lead acetate solution to 

measure sugar content through polarization (Roggo et al., 

2004; Shabani and Sepaskhah, 2019). 

 
* Corresponding author. 

  E-mail address: mkhpour@um.ac.ir 

  https://doi.org/10.22034/jelsa.2024.473159.1081 

Researchers have concentrated on developing precise 

and rapid methods for determining sugar content without 

relying on chemical reagents. Spectroscopy techniques, 

including hyperspectral imaging, have emerged as effective 

solutions. One of the pioneering studies in this area is by 

Roggo (Roggo et al., 2004), who employed an NIR 

spectrometer covering the 400 to 2498 nm wavelength 

range. This study demonstrated that spectroscopy can serve 

as a fast and straightforward method for assessing the sugar 

content in sugar beets. Additionally, the study highlighted 

the potential of this technique for simultaneously 

identifying other parameters. In Pan's research (Pan et al., 

2015a; Pan et al., 2013; Pan et al., 2015b), two portable 

spectrometers with working ranges of 400-1100 nm and 

http://www.aes.uoz.ac.ir/
https://creativecommons.org/licenses/by/4.0/
mailto:mkhpour@um.ac.ir
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900-1600 nm were employed to obtain spectral data from 

the beets in intact and sliced conditions. The study, which 

considered interactance mode, consistently confirmed that 

sugar content could be accurately identified under all tested 

conditions (sliced beet and intact beet). In a separate study 

conducted by Babaei (Babaee et al., 2019), a near-infrared 

(NIR) spectrometer was employed in the wavelength range 

of 942-1576 nm in interactance mode to investigate the 

effects of spectroscopic location and sugar beet skin on the 

spectrometer's performance. Utilizing ANOVA analysis, 

the results indicated that within this spectral range, the 

wavelength of 1393 nm exhibited the highest correlation. 

Furthermore, spectral measurements taken from four 

locations—Northwest (NW), Southwest (SW), Northeast 

(NE), and Southeast (SE)—approximately one centimeter 

above and below the root neck, where the root diameter is 

greatest, did not yield significant differences. However, a 

notable distinction was observed between the spectroscopy 

of the skin and flesh of the sugar beet root, with 

measurements from the flesh demonstrating greater 

accuracy. Also in Bagharpur's study (Bagherpour et al., 

2014), the quantification of sugar content was validated 

through the application of infrared spectroscopy within the 

wavelength range of 900-1600 nm on sugar beet samples, 

along with the implementation of pre-processing 

techniques. 

Hyperspectral imaging is a technique that enables the 

extraction of internal compositional information from 

materials through imaging. This approach has 

demonstrated promising outcomes in numerous studies 

focused on agricultural products aimed at identifying their 

internal constituents. For instance, research conducted on 

mulberry fruits (305-1090nm wavelength in reflectance 

mode)  has indicated that this method can effectively 

quantify anthocyanin levels (Li et al., 2023), while another 

study assessed the soluble solids content in Tribute Citru 

using the same technique (400–1000 nm wavelength in 

reflectance mode) (Li et al., 2023). In investigations carried 

out by Pan (Pan et al., 2014; Pan et al., 2016a), 

hyperspectral imaging was utilized on sugar beet slices 

within the spectral range of 500-1000 nm, resulting in 

relative reflectance data that demonstrated considerable 

accuracy. These results suggest that hyperspectral imaging 

may be an effective substitute for traditional methods of 

determining sugar content. In Wang's study (Wang et al., 

2022), he effectively employed an Unmanned Aerial 

Vehicle (UAV) to evaluate the sugar levels in fields by 

combining hyperspectral imagery with RGB, multispectral, 

and thermal infrared images. His findings demonstrated 

that hyperspectral imaging can be used by UAVs for 

remote sensing to accurately measure sugar content. 

Nonetheless, many factories are unable to adopt these 

technologies widely due to their high costs thus posing 

problems of accessibility hence limited usage. As such, the 

cost-effective ways of applying hyperspectral imaging in 

determining sugar content levels of beet paste could greatly 

impact sugar processing companies. This would lead to 

more accurate measurements in the sugar factories. 

In light of the research context, several pertinent 

questions arise: Firstly, is it feasible to ascertain sugar 

content through hyperspectral imaging of sugar beet paste? 

Secondly, can a regression-based methodology be 

developed for accurately determining sugar levels in sugar 

beet? How can we enhance identification accuracy by 

implementing efficient wavelength selection algorithms? 

The present study aims to address these inquiries. 

2.  Material and methods 

2.1. Sampling and imaging 

An automated machine randomly samples a portion of 

the sugar beets delivered to the factories. These beets 

undergo a process of washing, shredding, and combining to 

create a uniform mixture. This mixture is then analyzed to 

determine the sucrose content and other elements (Fasahat 

et al., 2022). In the Torbat-Heydarieh Sugar factory located 

in Torbat-Heydarieh, Khorasan Razavi, Iran, a total of 150 

samples were prepared using this method. Each sample was 

divided into two segments: one segment was sent to an 

imaging lab (Automation and Computer Vision Laboratory 

-ACVL) at Ferdowsi University of Mashhad for imaging, 

while the other segment was sent to the Agricultural 

Research, Education and Extension Organization 

(AREEO) in Mashhad, Khorasan Razavi, Iran, to obtain 

data on sucrose content using a Betalizer (Figure 1), the 

sugar content (SC) was determined using the polarimetric 

method.  

The linear scan-type imaging device utilized in this 

study is a Desktop Scanner manufactured by Parto Afzar 

Sanat Co. (Zanjan, Iran). It possesses several key 

specifications, including a scan length of 200mm, a scan 

resolution of 0.05mm, a vertical arm height of 400mm, and 

four halogen light sources that ensure uniform illumination. 

The imaging spectral range of this device spans from 

400nm to 950nm, with a spectral interval of 2nm between 

consecutive spectral images. To ensure accurate 

calibration, the device was calibrated by imaging a white 

standard plate, which serves as the device standard, and 

obtaining a dark reference image by covering the lens with 

the cap. In addition to its ability to manually store and 

display the average spectrum of a selected region, the 

device also can store spectroscopic images. The primary 

focus of this study is the analysis of the stored images. The 

images within the device create a spectroscopic cube with 

dimensions of 114 x 36 x 516. Here, 516 represents the 

spectral resolution of the image, which corresponds to the 

number of acquired spectra ranging from 400nm to 950nm. 

Furthermore, the values 36 and 114 represent the spatial 

resolution—specifically the width and height—of the 

captured images. For data analysis, MATLAB software 

(VER 2022b, MathWorks Inc, US) was employed on an 

ACER ASPIRE laptop equipped with 20GB RAM and a 

core i7 CPU processor. 

After preparation, each sample was placed in a tightly 

sealed container with minimal air exchange and stored in a 

refrigerator at -4 degrees Celsius. The samples were then 

quickly transported to the laboratory, taking less than 24 

hours. A precise 2 cm stainless-steel cube mold was created 

to ensure standardization in laboratory analysis. This mold 

was used to shape the mixed sugar beet paste into uniform 
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sample blocks, ensuring all samples had identical 

dimensions and height to maintain consistency during 

sampling. The samples were carefully inserted into the 

molds and flattened with a knife to address any potential 

height variations during the sampling process (Figure 2). 

Without this mold, smoothing the surface would have 

required significant effort, and the color would have 

changed in the process. However, the small dimensions of 

the mold allowed for quick smoothing with a knife.  If the 

sample's color changed during sampling, some material 

was removed from the middle and placed into the mold. 

Determining the appropriate sample size was essential to 

achieve a sample with a specific thickness quickly. 

Additionally, applying pressure at the end of the mold and 

removing some material from the sample's surface allowed 

for faster imaging and minimized color changes. Each 

sample was sampled at least twice, and the average of the 

spectra was used as the final sample spectrum. 

Subsequently, the sample was positioned beneath the 

imaging device, and a region of interest (ROI) measuring 

51x51 pixels was designated at the center of each sample 

surface using the associated imaging software application. 

The spectral images across all spectral bands were then 

captured from this defined ROI. 

 
Figure 1. Flowchart of model building 

 

 
Figure 2. A 2x2x2 cm sampling mold and a manual rectangular Region of Interest (ROI) on the sample after the spectral image is captured 
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2.2 Data processing 

In spectroscopic devices, the existence of device noise 

in both low and high spectral ranges necessitates the 

exclusion of specific spectra during the processing stage. 

For instance, in a particular device, the initial and final 

spectra were eliminated as reported by Yang et al. (Yang et 

al., 2014), leading to a total of 321 spectra out of the 

original 516 spectra captured. The remaining 321 spectra 

were then utilized in the subsequent processing procedures, 

as illustrated in Figure 3. In subsequent analyses, we 

utilized data cubes, each with dimensions of 321 × 51 × 51 

and comprising a total of 150 samples—a complete dataset. 
 

 
Figure 3. Noise removal and average spectrum acquisition 

 

To address the impact of outliers on predictive models 

caused by instrument and operational errors, the 

researchers in this study employed the Monte Carlo Partial 

Least Squares (MCPLS) method (Zhang et al., 2015). To 

begin with, a calibration set was created by randomly 

selecting sample fractions, while the remaining fractions 

were designated as the prediction set. PLS models were 

then generated repeatedly to ensure that each sample was 

utilized multiple times in the prediction set. As a result, 

each sample produced a series of predictive residual errors 

(PRE). For each sample in the prediction set, the Mean of 

Predicted Residual Errors (MPRE) and the Standard 

Deviation of Predicted Residual Errors (STDPRE) were 

calculated (Figure 4 ) (Guo et al., 2012).  

 

 
Figure 4. MPRE versus STDPRE plot for determining outliers 

 

2.2.1. Preprocessing 

Data acquired from spectroscopic imaging systems can 

be influenced by various factors, including light scattering 

resulting from the interaction between the sample and the 

detector, changes in sample size, surface roughness of the 

sample, noise generated due to an increase in system 

temperature, and other factors. These unintended factors 

have the potential to affect the accuracy of models and lead 

to significant discrepancies in the interpreted data. These 

elements introduce additional noise that may mask true 

spectral signals, thus compromising the reliability of 

analytical outcomes (Zhang et al., 2021). Ensuring the 

integrity of the data not only strengthens calibration models 

but also fosters greater confidence in subsequent 

interpretations and applications across various scientific 

fields. Therefore, to achieve stable, accurate, and reliable 

validation models, it is necessary to preprocess the data 

(Rossel, 2008). In this particular study, two common 
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preprocessing techniques (Sim et al., 2024), namely 

Standard Normal Variate (SNV) and Savitzky-Golay (SG) 

smoothing, were utilized. SNV and SG are. These 

preprocessing techniques are employed to mitigate the 

influence of multiplicative effects such as baseline shifts 

and intensity changes in spectral data. SNV involves 

transforming each data point by subtracting the mean and 

dividing it by the standard deviation across all data points. 

On the other hand, Savitzky-Golay (SG) smoothing is used 

to remove random noise while preserving important 

features of the captured spectra. The SG smoothing 

technique applies a convolution process with a set of 

predefined coefficients to a moving window of data points. 

SNV was performed with a degree of 3 and a window size 

of 5. The SG method, which utilizes a window size of 5 and 

a degree of 3, is widely employed for noise reduction (Yu 

et al., 2021). SNV, on the other hand, is useful in 

eliminating the scattering effect caused by light and particle 

size. Furthermore, the impact of these preprocessing 

methods on the performance of the predictive model was 

evaluated and compared with the performance metrics 

obtained when only the raw data, without any 

preprocessing, was fed into the model. 

2.2.2. Selection of effective wavelengths 

To enhance modeling accuracy and reduce 

computational time, employing different algorithms for 

selecting effective wavelengths is crucial. This study 

investigated two commonly used methods: Competitive 

Adaptive Reweighted Sampling (CARS) and Successive 

Projection Algorithm (SPA). The CARS method, inspired 

by the concept of "survival of the fittest" from Darwinian 

Theory, utilizes Monte Carlo sampling to select a subset of 

wavelengths through iterative processes and competition. 

This method evaluates wavelengths based on their absolute 

coefficient value in PLS modeling by optimizing variables 

with an exponential decreasing penalty function and 

adaptive weighted resampling (Ji et al., 2020). The subset 

with the smallest RMSEV is identified as characteristic 

wavelengths, obtained through repetitions of sampling 

(Shao et al., 2020). 

 On the other hand, the SPA is a valuable tool for 

forward variable selection, enhancing modeling speed and 

accuracy by reducing collinearity and extraneous 

information among variables. SPA operates by selecting 

the optimal wavelength with the highest design value in 

each iteration until the desired number of wavelengths is 

reached. The number of variables is determined by 

minimizing the root mean square error (RMSE) in multiple 

linear regression (MLR) calibration (Shao et al., 2020), 

contributing to improved modeling outcomes. 

In general, the SPA method involves adding one 

wavelength at a time based on correlation, while the CARS 

algorithm samples and re-weights wavelengths according 

to their performance in predicting the target property. This 

study aims to compare these two methods in terms of their 

effectiveness and efficiency in spectral data analysis. 

MLR is a widely used technique for establishing a 

linear relationship between spectral data and chemical 

components. Despite being an older algorithm, MLR 

remains efficient, especially when the number of features 

is less than the observations (Fei et al., 2023). Additionally, 

PLSR is a method that utilizes full-spectrum data to predict 

sample composition by identifying the highest covariance 

between reference values and spectral data. PLSR 

combines various statistical analysis methods to model the 

relationship between dependent and independent variables, 

making it particularly useful in scenarios with more 

variables than observations and when multicollinearity is 

present among the X values (Nie et al., 2023). Support 

Vector Regression (SVR) is another supervised Machine 

Learning technique that focuses on structural risk 

minimization and demonstrates high-performance (Ahmad 

et al., 2020), especially with multidimensional data and 

high-dimensional datasets (Mesut et al., 2023). 

Given the wide utilization and satisfactory outcomes of 

these three regression methods in hyperspectral image 

studies (Mitku et al., 2024; Shao et al., 2020; Soltanikazemi 

et al., 2022), all three methods were employed in this study 

to assess the most effective prediction models (Figure 5). 

 

 
 

Figure 5. Workflow of finding regression method 
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2.3. Model evaluation 

In this study, due to the limited amount of data, the 

cross-validation method was employed. The data was split 

into two groups: 80% for training and 20% for validation. 

Regression model evaluation metrics include the 

correlation coefficient (R) and root mean square error 

(RMSE). R indicates the goodness of fit, while RMSE 

measures the difference between predicted and actual 

values (eq. 1-2). A value of R² close to 1 suggests high 

stability and fit, whereas an RMSE close to 0 indicates 

stronger predictive ability (Li et al., 2023):   

R = √1 −
∑ (𝑦̂𝑖 − 𝑦𝑖)

2𝑛
𝑖=1

∑ (𝑦𝑖 − 𝑦𝑚)
2𝑛

𝑖=1

 (1) 

RMSE = √
∑ (𝑦̂𝑖 − 𝑦𝑖)

2𝑛
𝑖=1

𝑛
 (2) 

In these equations, 

 𝑦𝑖 = measured value of the attribute for the ith sample 

in the category; 

𝑦̂𝑖 =predicted value of the attribute for the ith sample in 

the category; 

𝑦𝑚= The average measured values of attributes in the 

category; 

𝑛= the number of category samples; 

3. Results 
After analyzing the Betalyser result shows that the SC 

ranges from 10.10 to 23.65%. This range is consistent with 

the typical SC range of 10 to 24 % in sugar factories, 

indicating a close resemblance to real-world samples. In the 

spectrum (Figure 3), there is a noticeable dip at 650 

nanometers and a peak at 620 nm, associated with the 

chlorophyll level in the paste (Governici et al., 2017; Tian 

et al., 2019). This range is also recognized by Pan et al. as 

a crucial factor in determining chlorophyll in sugar beet 

(Tian et al., 2019). Additionally, a noticeable peak at 750 

nm, suggested by Pan, is likely linked to the third overtone 

of water(Pan et al., 2016b) or the fourth overtone of C–H 

(Wei et al., 2017). The O–H and C–H functional groups are 

associated with the concentration of specific internal 

compositions, such as soluble solid contents. 

 

 

 
(a) 

 
(b) 

Figure 6. Comparison of different regression, a) comparison of RMSE b) comparison of R2 

 

None SNV SG None SNV SG

SPA SPA SPA CARS CARS CARS

MLR 0.65 0.4 0.8 0.73 0.58 1.09

PLS 0.63 0.24 0.5 0.82 0.4 1.15

SVR 0.46 0.38 0.77 0.85 0.28 0.9
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Figure 7. Selected wavelengths for determining sucrose  

 

 
Figure 8. Measured vs predicted value 

 

The MCPLS method was utilized to detect outliers, 

following a similar approach to Zhang's study (Zhang et al., 

2023). For running MCPLS 75% of the selected samples 

were assigned randomly to the calibration set, whereas the 

remaining 25% were allocated to the prediction set. This 

iterative procedure was repeated 5000 times, leading to the 

generation of a scatter plot that visually depicts the 

correlation between MPRE and STDPRE. Figure 4 

Demonstrates that six samples were identified as outliers. 

Specifically, any values of MPRE out of range (-0.5, 0.5) 

and values of STDPRE surpassing 0.26 were classified as 

outlier data. 

The spectral data contained excessive information, 

linearity, and overlapping, which negatively affected the 

performance of multivariate calibration models. This study 

utilized SPA and CARS to identify particular wavelengths 

with minimal linearity and redundancy, enhancing 

modeling efficiency. 

The number of effective wavelengths was selected after 

applying effective wavelength selection methods (CARS 

and SPA) to each type of preprocessing data (None, SNV, 

SG) then prediction models were created using MLR, PLS, 

and SVR regression methods, and the results are shown in 

Figure 6. 

In Figure 6, the combination of the SPA and SG 

algorithms exhibits the highest RMSE value and the lowest 

R2 value. Conversely, the combination of the SPA 

algorithm with SNV demonstrates the lowest RMSE value 

and the highest R2 value. Figure 6 illustrates the capability 

of the SPA algorithm to decrease the RMSE value. This 

comparison between the SPA algorithm without 

preprocessing and the CARS algorithm without 

preprocessing is evident. The best model for identifying 

effective wavelengths as input for the PLS algorithm is the 

combination of SNV preprocessing and the SPA algorithm 

that selects 50 wavelengths (Figure 7). This model 

achieved a validation R2 of 0.91, RMSEV of 0.24. Figure 8 

also illustrates the performance of the best model for 

predicting sugar content in the calibration set and 

validation set. 
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4. Discussion 
In this study, different regression models were 

employed (PLSR, MLR, and SVR) to analyze 

hyperspectral data within the visible-near-infrared (vis-

NIR) spectral range (400-950nm). The present model 

successfully determined the sugar content in sugar beet. 

This study found that the SNV and SG pre-processing 

algorithms significantly improved model accuracy in most 

cases, based on validation data. Additionally, algorithms 

for selecting effective wavelengths, such as CARS and 

SPA, enhanced model performance. While the CARS 

algorithm chose fewer wavelengths, its accuracy was lower 

than SPA. Among the regression methods in this study, 

MLR and PLS algorithms exhibited better performance 

than the SVR algorithm in predicting SC. Results are 

consistent with previous studies (Pan et al., 2014; Pan et al., 

2016a)  that demonstrated the ability to determine sucrose 

content within the 500-1000 nm wavelength range using 

the PLS algorithm with an R2 of 0.76.  Pan's study (Pan et 

al., 2013; Pan et al., 2015b), revealed that the optimal 

model for intact beet was 0.81, while for sliced beet it was 

0.89, within the wavelength range of 400-1100 nm. One 

possible reason for the difference in the results could be 

attributed to the use of sugar beet paste in this study, which 

provided a more homogeneous sample. Findings align with 

other studies that determine sugar content in fruit paste and 

employ hyperspectral images. For instance, Maraphum 

(Maraphum et al., 2020)  identified the amount of sugar in 

sugarcane within the same wavelength range (400-1000 

nm) and showed that using the PLS algorithm with first 

derivative preprocessing achieved an R2 of 0.66, which is 

superior to their proposed method. Liu (Liu et al., 2017)  

demonstrated that using multispectral imaging of tomato 

paste within the range of 405-970 nm can determine sugar 

content with an R2 of 0.93. In this study, the optimal 

method for predicting the SC level involves employing 

SNV preprocessing in conjunction with the SPA algorithm 

to determine the relevant wavelengths for the PLS 

algorithm. This approach resulted in a validation R2 of 0.91 

and a minimal RMSEV of 0.24. These values are 

significantly higher and lower, respectively than those 

reported in previous studies (Maraphum et al., 2020; Pan et 

al., 2016a), indicating the model's higher performance and 

robustness in predicting sugar content. This research 

demonstrates, for the first time, that the SC of sugar beet 

paste can be evaluated through hyperspectral imaging. 

These findings have promising implications for the 

agricultural industry, as they can lead to improved crop 

management practices and enhanced product quality. By 

leveraging various algorithms such as SPA, PLS, and 

MLR, scientists can build robust models that provide 

accurate and reliable results. Furthermore, this study 

emphasizes the significance of selecting effective 

wavelengths, with the SPA method emerging as a 

particularly valuable tool in this regard. Overall, these 

results contribute to the growing body of knowledge on the 

application of hyperspectral imaging for quality assessment 

in agricultural products, highlighting its potential for 

enhancing efficiency and precision in various industrial 

processes. 

5. Conclusion 
The current study sought to measure the sugar content 

in sugar beet using hyperspectral images of sugar beet paste 

within the spectral range from 400 to 950 nm. To achieve 

this, dough samples were taken from the shipments 

received at the sugar factory. The sugar content of each 

sample was assessed using a Betalyzer, and hyperspectral 

imaging of the sugar beet paste was also captured. In this 

study, pre-processing methods such as SNV and SG were 

utilized, along with effective algorithms for wavelength 

selection, specifically CARS and SPA. The results were 

then fed into MLR, PLS, and SVR algorithms, resulting in 

the creation of eighteen regression models that combined 

these approaches. Among the eighteen developed models, 

the best model was selected with the minimum RMSE and 

maximum R² values. These results indicated that all models 

were acceptable, but the best performance was achieved 

when SNV preprocessing was carried out along with the 

SPA algorithm as an input method for PLS regression. 

Such results would enable fast, chemical-free evaluation of 

sugar content, thereby benefiting sugar factories while also 

assisting farmers in assessing the size of their crops' sugar 

content. Since this research is quite at the beginning, it 

would be of great use to extend the project for more general 

results with more samples involved. Moreover, techniques 

beyond those applied could still provide further precision. 

For instance, deep learning techniques may be considered 

to learn features of the hyperspectral data. 
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ARTICLE INFO  ABSTRACT 

Article history:  In this study, pollination service in the faba bean agroecosystem was evaluated and 

valued with a field experiment. For this purpose, a factorial experiment based on a 

randomized complete blocks design with three replications was carried out in the 

research farm of Gorgan University of Agricultural Sciences and Natural Resources 

(Golestan province, Iran), during 2020-2021. The treatments of this experiment 

included cultivar as the first factor in four levels, including Feyz, Mahta, Barkat 

and Shadan and the second factor in two levels, including open-pollinated plants 

by insects and limitation of pollination by a cage. In this experiment, each plot 

included five planting rows with a distance between plants on each row of 15 cm, 

a planting depth of 5 cm and a distance between rows of 50 cm. Also, each plot had 

a size of 2×2.5 m and the distance between of plots was 75 cm.  During the growing 

season, with the onset of warmer temperatures and insect activity in late March 

2021, plots with limited open pollination are wholly trapped by the nets until the 

end of pollination. Simultaneously with the activity of insects in the field, samples 

of insects are collected using lattice nets. At the time of crop maturing, green yield 

and plant biomass were harvested. Finally, we quantified the value of pollination 

service by marketing price and alternative cost methods. In this study, we collected 

13 pollinator species from the faba bean agroecosystem. The share of insects in the 

pollination of faba bean cultivars was obtained between 3.81 and 17.06 %. Results 

showed that the economic value of pollination in the faba bean agroecosystem was 

between 38,056,136 to 161,000,000 Rls.ha-1. Generally, the role of pollinating 

insects in new faba bean cultivars was more than in the old cultivars, especially, 

the cultivars such as Mahta that use more pollination service than other cultivars. It 

is necessary that faba bean growers promote and protect pollination service to 

enhance their economic benefits in agroecosystems.    
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Highlights* 

• Faba bean pollination by 13 insect species boosts yield by 3.81-17.06% in Gorgan, Iran. 

• Economic value of pollination ranges from 38M to 161M Rls/ha in faba bean fields. 

• New cultivar Mahta relies most on insects (17.06%) vs. old cultivar Barkat (3.81%). 

• Feyz and Barkat cultivars yield highest profit; Mahta benefits most from pollination. 

• Study urges protecting pollinators for sustainable faba bean agroecosystem gains. 

 

1. Introduction 
Globally, agricultural ecosystems cover about 40% of 

the land (FAO, 2014), which are both providers and 

dependents on a variety of ecosystem services. They 
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provide critical ecological services such as food 

production, aesthetics, carbon sequestration, soil erosion 

control, pest control, soil health and water regulation 

(Sandhu et al., 2010). At the same time, agricultural 
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ecosystems depend on services such as biodiversity, 

nutrients, soil structure and function, and water cycle 

(Power, 2010). 

In recent decades, significant work has been done to 

determine the value of the functions, goods and services in 

the agroecosystems. Regulating services are concerned 

with the ability of natural and semi-natural ecosystems to 

regulate essential ecological processes and life support 

systems through bio-geochemical cycles and biosphere 

processes. Regulatory functions provide many services that 

have direct and indirect benefits to humans (Costanza et al., 

1997).  

The evaluation and quantification of various services 

and functions of agroecosystems are the most important 

ways to pay attention to these services and adopt 

appropriate strategies for their sustainability. For example, 

Andersson et al. (2014) investigated the effects of 

agricultural management and landscape heterogeneity on 

field bean pollination. Their results suggest that to 

maximize pollination success, it is important to improve 

field management and maintain natural habitats in 

agricultural landscapes.  

In China, Zou et al. (2017) evaluated the relationships 

between landscape texture and pollinator communities. 

Their results showed that landscapes with small fields 

support an abundant but relatively species-poor bee 

community that provides pollination services to canola. 

In Central Germany, Happe et al., (2018) investigated 

the effects of farming systems and scale agricultural 

landscapes on bee communities. Their results showed that 

organic system had the higher insect-pollinated richness. 

The value of insect pollination to yield of oilseed rape 

(Brassica rapa) in Bangladesh was estimated by Islam et 

al., (2022). They found that oilseed rape with visiting 

insects had a 30.8% greater yield compared to those where 

visitors were excluded. Also, they calculated the economic 

value of pollination at about $US 26.92 million per annum. 

Wild bees were sampled by Carrié et al. (2018) from 43 

cereal fields in southwestern France, the surrounding 

proportion of permanent grasslands. They found that the 

mean slope of surrounding grasslands was the factor that 

most positively influenced bee richness, abundance and 

trait distribution in bee communities. They also found that 

the mean slope of surrounding grasslands had a better 

predictive power of bee community structure than the 

proportion of permanent grasslands. In another study, 

Cunningham and Feuvre, (2013) provided honeybee hives 

to 17 faba bean fields in South Australia, and they observed 

that bee activity and fruits per stem decreased with 

increasing distance from hives. They found an effect of 

distance from hives on mean yield. 

Faba bean (Vicia faba L.) is one of the oldest crops that 

is mostly grown in Asian, African and Europe countries. 

This crop can be used in human and animal nutrition, which 

directly and indirectly provides the protein needs of 

humans (Majnoon Hosseini, 1996). Faba bean is a suitable 

crop for rotation with oilseeds and cereals due to the high 

amount of nitrogen bio-fixation and breaking the cycle of 

diseases. One of the regulating services provided by natural 

ecosystems to faba bean agroecosystem is insect 

pollination. It is important for the productivity of grain in 

faba bean agroecosystems. Studies have confirmed that 

pollination by insects can improve plant yields.  A study 

demonstrated that the yield benefits of additional 

pollination varied significantly among five faba bean 

cultivars, with some showing a yield increase of up to 37% 

under insect pollination, while others experienced a yield 

decrease of 51% when pollinated. This variability suggests 

that cultivar selection is crucial for optimizing yield 

through pollination (Bishop et al., 2020). Recent findings 

emphasize that while honeybees contribute to faba bean 

pollination, wild bumblebees are the most effective 

pollinators, accounting for approximately 70% of 

marketable yields in certain regions. This highlights the 

importance of maintaining diverse pollinator populations to 

maximize crop yields (Burns and Stanley, 2023). However, 

the importance of pollination as an ecosystem service 

depends on cultivar reproductive form, pollinator species 

and insect abundance. 

In Iran, Golestan province is a suitable region for 

producing agricultural products. This province is one of the 

centers of faba bean production in the country, therefore 

paying attention to the pollination service can lead to 

development of sustainable production and more economic 

advantages for farmers and ecological advantages for the 

environment. The faba bean growers can protect the 

pollination service to enhance their economic benefits in 

agroecosystems. In this study, pollination service in a faba 

bean agroecosystem is evaluated, quantified and valuated. 

2. Materials and methods 

2.1. Experimental site  

During 2020-2021, a field experiment was conducted at 

the research farm of Gorgan University of Agricultural 

Sciences and Natural Resources, located in Gorgan county, 

Golestan province (northeast of Iran). Gorgan county is 

located in 54 degrees and 30 minutes’ longitude of the east 

and 37 degrees and 45 minutes’ latitude of the north, with 

the average height of 120 meters above sea level. In this 

county, there is usually a mild and semi-humid season and 

a relatively warm and semi-humid season. Gorgan has a 

semi-arid climate. The average annual temperature is 17.8 

°C and the annual precipitation is approximately 584 mm. 

2.2. Field operations  

In this experiment, each plot included five planting 

rows with a distance between plants on each row of 15 cm, 

a planting depth of 5 cm and a distance between rows of 50 

cm. Also, each plot had a size of 2×2.5 m and the distance 

between of plots was 75 cm. The amount of nitrogen was 

10 kg/ha from nitrogen chemical fertilizer that was applied 

as a starter. Faba bean seeds were sown in late November 

2020 and harvested early June 2021. During the growing 

season, the necessary care is carried out to control pests, 

diseases and weeds by non-chemical methods. We used 

physical methods to control pests and removed some of the 

infected leaves and branches. Additionally, we conducted 

two rounds of weeding to effectively control of weeds. 
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Also, supplementary irrigation was done two times during 

the growing season as a flooding method.  

2.3. Quantification of pollination service 

In this study, pollination regulation in the faba bean 

agroecosystem was quantified and valuated by the 

performance of a field experiment. For this purpose, a 

factorial   experiment   was   conducted   as   a   randomized 

complete blocks design with three replications at the 

research farm of Gorgan University of Agricultural 

Sciences and Natural Resources, during 2020-2021. The 

treatment composition of this experiment included: 

cultivars as the first factor in four types including, Feyz, 

Mahta, Barkat, and Shadan and pollination treatment as the 

second factor in two levels including, free pollination by 

insects and restriction of pollination by cages (Figure1).  

 
Plan 

Cultivars; V1: Shadan, V2: Feyz, V3: Barkat, V4: Mahta 

Pollination;  p1: Free,  p2: Limited 

1 V1p2 V3p1 V4p2 V2p1 
2 V2p2 V1p2 V4p1 V3p1 
3 V4p2 V1p1 V2p2 V3p1 

 

 

 

 

 

 

 

Figure 1. The design performance of field experiment, Gorgan, Iran. 

 

Each cage had a size of 2×2.50×1 m from lattice nets 

type. At the time of crop ripening, grain yield, green 

biomass and Harvest Index (HI) were harvested from an 

area of one square meter of each plot. Finally, the 

marketing price and alternative cost methods were used to 

value this service. The marketing price method uses actual 

market prices for ecosystem services when they are 

available. One of the key concepts in this valuation process 

is alternative cost, which can be assessed through various 

cost-based methods. Alternative cost, often referred to as 

opportunity cost, represents the value of the best alternative 

forgone when a choice is made. In the context of ecosystem 

services, it helps quantify what society sacrifices when 

choosing one land use or resource management strategy 

over another (Pushpam, 2005; Selivanov and Hlaváčková, 

2021). Also, statistical analysis of data performed using 

SAS software based on ANOVA and means compared 

based on LSD test at 5% probability level. 

 

2.4. Insect collection 

During the growing season, with the start of flowering 

and with the warming of the air and the start of insect 

activity, the limited plots by cages be wholly trapped by 

lattice nets until the end of the pollination stage. 

Simultaneously with the activity of insects in the field, 

samples were collected by a net trap. Surveys were 

performed from 10:00 am to 12:00 pm, from late March to 

mid-April 2020. The samples were then collected, and all 

insects were transferred to jars containing 70% ethanol and 

glycerol. Insect samples were moved to the entomology 

laboratory of Gorgan University of Agricultural Sciences 

and Natural Resources, then, they were identified in terms 

of scientific names. 

3. Results and discussion 

3.1. Pollinator insects 

We collected 13 pollinator species from the faba bean 

agroecosystem. We found the faba bean plants were 

pollinated by Polistes gallicus, Polistes dominulu, 

Spilostethus sp., Eristalis tenax, Oxythyrea cinctella, 

Ichneumonidae, Harmonia axyridis, Syrphus ribesii, 

Pygopleurus sp., Sphecodes sp., Lasioglussum sp., 

Anthophora sp. and Apis mellifica in Gorgan (Table 1). 

Some of the pollinators shown in Figure 2. Before this 

research, Liu et al. (2020) reported that pollination 

efficiencies were high for species Apis mellifera, Apis 

cerana, Eristalis tenax, and Tiphia vernalis in common 

buckwheat and adult Syrphidae flies are of second 

importance after bees as the second most pollinating group 

in the insect category. In our study, Halictid bees 

(Lasioglussum sp.) had the most abundant (25.71%), 
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followed by European paper wasp (Polistes dominula) 

(20.0%), Pygopleurus sp (11.43%) and Spilostethus sp. 

(8.57%) (Table 1). Lundin (2023) found that honeybees 

provide 47% of the insect pollination services for faba 

bean, while short-tongued bumblebees contribute 40%, 

long-tongued bumblebees account for 6%, and solitary 

bees make up 8% of the services. This indicates that both 

managed honeybees and wild bees, particularly short-

tongued bumblebees, play a significant role in the 

pollination of faba beans in Sweden. 
 

Table 1. Scientific name, family name and frequency of pollinators in faba bean agroecosystem, Gorgan, Iran. 

 Scientific name            Family name Frequency (%) 

1 Polistes gallicus Vespidae 2.85 

2 Polistes dominula Vespidae 20.00 
3 Spilostethus sp. Lygaeidae 8.57 

4 Eristalis tenax Syrphidae 2.85 

5 Oxythyrea cinctella  Scarabaeidae 2.85 
6 Ichneumonidae Ichneumonidae 5.71 

7 Harmonia axyridis Coccinellidae 2.85 

8 Syrphus ribesii Syrphidae 5.71 

9 Pygopleurus sp. Glaphyridae 11.43 

10 Sphecodes sp. Halictidae 2.85 

11 Lasioglussum sp. Halictidae 25.71 
12 Anthophora sp. Apidae 5.71 

13 Apis mellifera  Apidae 2.85 

 

 

Polistes gallicus  
 

Polistes dominula  
 

Eristalis tenax 

 
Oxythyrea cinctella 

 
Harmonia axyridis 

 
Syrphus ribesii 

 
Apis mellifera 

 

 

Figure 2. Some pollinators in faba bean agroecosystem (Source: GBIF) 

 

 The genus Lasioglossum in Halictidae is one of the 

largest genera of bees worldwide with an incredibly diverse 

array of behaviors. These bees are found worldwide, but 

are especially abundant in temperate regions. Halictidae are 

one of the six bee families in the order Hymenoptera. They 

are a very diverse group of metallic and non-metallic bees 

and certainly are more abundant than most bees except Apis 

species (Buckley et al., 2019). In Catalonia (Spain), 

Morrison et al., (2017) found a strong inverse relationship 

between  wild  bee  abundance  and surrounding landscape 

diversity in cereal fields margins. For example, they 

reported that with decreasing landscape complexity in 

Catalonia, the proportion of Halictidae bees increased. 

In this study, European paper wasp (Polistes dominula) 

had an abundance of about 20.0%. This insect is a eusocial 

paper wasp native to Mediterranean Europe. Individual 

records for this distribution could only be found for Europe 

and Iran. European paper wasp lives in a wide range of 

habitats within temperate climates, including woodland, 

shrubland,  grassland  agricultural and urban areas and this 

https://www.google.com/search?sxsrf=APq-WBsj23T4oA_gCLCOaxxhnVJe6I1-1w:1650344275466&q=Vespidae&stick=H4sIAAAAAAAAAONgVuLUz9U3MMwwKS9exMoRllpckJmSmAoArUSixRgAAAA&sa=X&ved=2ahUKEwjjgK_Cq5_3AhW28LsIHamWAJYQmxMoAXoECGgQAw&biw=1440&bih=799&dpr=1
https://www.google.com/search?sxsrf=APq-WBsj23T4oA_gCLCOaxxhnVJe6I1-1w:1650344275466&q=Vespidae&stick=H4sIAAAAAAAAAONgVuLUz9U3MMwwKS9exMoRllpckJmSmAoArUSixRgAAAA&sa=X&ved=2ahUKEwjjgK_Cq5_3AhW28LsIHamWAJYQmxMoAXoECGgQAw&biw=1440&bih=799&dpr=1
https://www.google.com/search?sa=X&biw=1440&bih=799&sxsrf=APq-WBsFisCd047vFuqFjoVHWRctUBrbVA:1650344491717&q=Lygaeidae&stick=H4sIAAAAAAAAAONgVuLUz9U3SCk0N7FcxMrpU5memJqZkpgKALW09JoZAAAA&ved=2ahUKEwj9-b2prJ_3AhV6hf0HHbzDAe8QmxMoAXoECEsQAw
https://en.wikipedia.org/wiki/Hover_fly
https://en.wikipedia.org/wiki/Halictidae
https://en.wikipedia.org/wiki/Halictidae
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insect builds nests using paper and saliva (Stout, 2013). 

The findings regarding pollination services to faba 

beans have significant implications for both productivity 

and agroecosystem sustainability. Enhanced pollination, 

particularly through managed pollinators like honeybees, 

has been shown to increase yields by up to 49% compared 

to self-pollination conditions, highlighting the critical role 

of insect pollinators in maximizing crop output (Gasim, and 

Abdelmula, 2018). 

3.2. Quantification of ES related to pollination 

The results showed that the cultivar types had 

significantly different as green yield and biomass at the 

level of 1% probability (Table 2). The highest grain yield 

was related to Barkat cultivar, which was in the same 

statistically class as Feyz (Table 3). The share of insects in 

pollination of cultivars was between 3.81 and 17.06 % 

(Table 4). The highest share of the pollinating insects was 

related to Mahta cultivar. This cultivar from the medium 

seed group is suitable for cultivation in moderate and cold 

regions. The number of pods per plant for this cultivar is 

25-40, with a protein content of about 28-31%, and it is 

resistant to diseases. Also, this cultivar is superior to other 

faba bean cultivars and lines from the view of mechanized 

harvesting. Mahta is the first cultivar without tannins and 

dual-purpose faba beans in Iran and can be used in feeding 

livestock, poultry and aquatics (Sheikh et al., 2017c). The 

results showed that the role of pollinating insects in new 

faba bean cultivars such as Mahta was more than the old 

cultivar such as Barkat. Globally, there is growing 

confirmation that improved pollination practices can help 

support higher yield and reduced variability for a wide 

range of insect-pollinated plants (Cunningham and Feuvre, 

2013). In this study, it determined that the highest Harvest 

Index (HI) was related to Barkat as an old cultivar, and the 

lowest of HI was obtained in Mahta cultivar (Table 3). 

Also, the share of pollination by insects was obtained by 

14.51% in Shadan cultivar (Table 4). Shadan cultivar 

belongs to the medium grain group. It is resistant to 

Cercospora leaf spot (Cercospora zonata) disease and is 

suitable for mechanized harvesting. This cultivar has about 

3.5-5.0 t/ha grain yield with 20-28 t/ha green yield, 25 pods 

per plant and 27-30% protein content. Shadan as a new 

cultivar is suitable for human consumption as cotyledon 

(Sheikh et al., 2017b). 

 
Table 2. Results of analysis of variance (mean square) of ecosystem services related to pollination by insects in a faba bean agroecosystem, 

Gorgan, Iran. 

Source of variables 
Green yield 

(kg/m2) 

Green biomass 

(kg/m2) 

HI 

(%) 

Economic profit 

(107 Rls/ha) * 

Block ns ns ns ns 

Pollination (P) ns ns ns ns 

Cultivar (C) ** * ns ** 
C*P ns ns ns ns 

CV (%) 17.28 14.70 6.48 17.27 

ns: Non-significant. ** Significant at 1% probability level, * Significant at 5% probability level 

 
Table 3. Results of mean comparison of ecosystem services related to pollination by insects in a faba bean agroecosystem, Gorgan, Iran. 

Treatment Green yield (kg/m2) Green biomass (kg/m2) HI (%) Economic profit (107 Rls/ha) * 

Pollination     

Free pollination 2.790a 4.622a 37.54a 97.6a 
Limited pollination 2.739a 4.632a 36.89a 95.7b 

Cultivar     

Shadan 2.622b 4.705a 35.84bc 91.7bc 
Feyz 3.142ab 5.081a 36.89b 109.9a 

Barkat 3.212a 4.917a 39.41a 101.2ab 

Mahta 2.073c 3.804b 35.26c 72.5c 

*Rls: Rials. Means with same letters in each column don’t have significant differences based on the LSD test at the 5% probability level  .  

 

Table 4. Share and economic value of pollination in faba bean agroecosystem, Gorgan, Iran. 

Cultivar Pollination percentage  Economic value of pollination (Rls/ha)* 

Shadan 14.51 135,566,667 

Feyz 13.64 161,000,000 

Barkat 3.81 38,056,136 
Mahta 17.06 135,333,333 

Rls: Rials 

 

3.3. Valuation of pollination service 

Results showed that cultivars had significant difference 

in economic profit. The highest profit was obtained in Feyz 

and Barkat cultivars (Table 3). Also, results showed that 

the economic value of pollination in the faba bean 

agroecosystem was between 38,056,136 to 161,000,000 

Rls/ha. Feyz and Barkat cultivars had the highest and 

lowest profits from insect pollination, respectively (Table 

4). Feyz cultivar as a new cultivar from coarse grain faba 

bean, is suitable for regions with moderate and semi- 

moderate of Iran. The pod length of the cultivar is high with 

6-9 seeds per pod, and 145 grams of 100-seeds weight 

(Sheikh et al., 2015a). In the study by Cunningham and 

Feuvre (2013), the share of pollination by insects in faba 

bean fields was estimated at 17%. Economically, their 

analysis indicated that the provision of hives was profitable 

for a wide range of realistic values for crop value and 

pollination cost. In the same direction, Islam et al., (2021) 

reported that the value of oilseed rape was $US 87.5 million 

annum-1, of which the economic value of insect pollination 

was $US 26.92 million annum-1 in Bangladesh. The 

application of input-output models for economic valuation 
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provides valuable insights into the agricultural sector's 

dynamics in Iran. By focusing on enhancing agribusiness 

productivity and implementing sustainable practices like 

managed hives, Iran can bolster its agricultural economy 

while addressing critical challenges such as food security. 

To focus on the characteristics of cultivars that are relevant 

to pollination efficiency and economic valuation, it's 

essential to consider how different cultivars interact with 

pollinators and the resultant effects on plant production and 

quality. A study revealed significant variations in the yield 

benefits of additional pollination across five different faba 

bean cultivars. Some cultivars experienced yield increases 

of up to 37% with insect pollination, while others saw a 

decline of 51% when pollinated. This variability highlights 

the importance of cultivar selection for maximizing yield 

through effective pollination (Bishop et al., 2020). 

4. Conclusion  
Our results showed that pollination by insects can 

improve yield of faba bean and the value of insect 

pollination in this crop depended on insect species, cultivar 

type and insect abundances. According to this, the share of 

insects in pollination was obtained between 3.81 and 17.06 

percent. Also, cultivars had significant difference in 

economic profit, and the role of pollinating insects in new 

faba bean cultivars was more than in the old cultivars. The 

study on faba bean pollination highlights the significant 

role that insect pollinators play in enhancing crop yield, 

particularly emphasizing the cultivar Mahta, which exhibits 

a higher dependency on pollination services compared to 

others. This finding underscores the need for a more direct 

connection between these results and broader ecological 

and agricultural practices, particularly in relation to 

sustainability and biodiversity within agroecosystems. To 

enhance their economic benefits within the faba bean 

agroecosystem, it is essential for farmers to understand the 

crucial role of insects in pollination. By actively promoting 

and protecting these pollination services, growers can 

ensure a more productive and sustainable farming future. 

Taking steps to create a pollinator-friendly environment 

will not only boost yields but also contribute to the overall 

health of the ecosystem and protect of biodiversity. 
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ARTICLE INFO  ABSTRACT 

Article history:  Soil maps are an urgent need for different land users and decision-makers. In recent 

years, attention to digital soil mapping has greatly increased, but most studies have 

focused on surface soil, even though land users are faced with the three-

dimensional (3D) structure of soil. Saturation percentage (SP) is one of the physical 

attributes of soil moisture, which can be considered in land management, especially 

in the direction of soil water retention in connection with other attributes, in arid 

areas. Therefore, the present study was conducted with the aim of digital mapping 

of SP in 3D using some machine learning methods in the Sistan Plain, which is 

located on the Hirmand River delta in a hyper-arid region. To carry out this 

research, the information from 576 soil profiles located in the Sistan Plain was used 

and the percentage of saturated soil moisture was measured using the standard 

method at depths of 0-15, 15-30, 30-60, and 60-100 cm using the weighted average 

method. Random forest (RF), quantile regression forest (QRF), and cubist methods 

were used for spatial modeling. The results showed that the variables derived from 

remote sensing showed a significant correlation with the SP parameter only at the 

first and second depths, which were close to the ground surface, but the variables 

derived from DEM had a significant correlation at all depths. These variables were 

mainly related to alluvial activities, which had the greatest effect on soil changes in 

the studied area. Among the models, the RF method showed the best performance 

for spatial modeling of SP in all depths. The 3D modeling of the percentage of SP 

showed that the value of SP is the lowest in the south and medium in the middle of 

the area, and the highest in the north of the Sistan plain at the edge of the Hamoun 

wetlands. SP value is repeated with the same spatial trend, but the average value of 

SP increases from the surface to the depth. It seems that the changes in this attribute 

are in line with the 3D changes in the soil texture components in the region. Based 

on the results of the three-dimensional zoning of SP, it could be recommended that 

in the northern areas of the Sistan Plain, irrigation should be done with a longer 

time interval than in the southern regions for the same agricultural products. In the 

fields of natural resources, to manage vegetation and especially to deal with wind 

erosion, plants with shallow and deep roots in the northern regions, and trees and 

plants with deep roots in the southern regions can be considered. Machine learning 

methods, especially RF, can be effective in preparing digital and 3D maps of soil 

characteristics and can help different land users manage their land better. 
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• SP aligns with soil texture changes, linked to alluvial activity in hyper-arid area. 

• Suggests longer irrigation intervals in north, deep-root plants in south for management. 
 

1. Introduction 
As the foundation of terrestrial ecosystems, soil plays 

an important role in supporting biodiversity, agriculture, 

and ecosystem services (Montanarella and Panagos, 2021). 

It is essential to manage, utilize, and safeguard soil, while 

also comprehending its transformations at a landscape 

scale, to achieve sustainability (Mulder et al., 2011; Wulf 

et al., 2014). Soil studies are the main source for land use 

management and sustainable agriculture (Soil Science 

Division Staff, 2017). Soil is a controlling factor in many 

environmental processes such as greenhouse gas emissions, 

nitrate leaching, and plant and forest growth. Attributes 

such as acidity, salinity, texture, structure, and saturation 

percentage (SP) affect the physical and chemical behavior 

of the soil. 

Saturated soil potential (SP) refers to the volume of 

water present in the soil when it is fully saturated. 

Specifically, SP is defined as the ratio of the weight of 

water needed to saturate the pore space to the weight of the 

dry soil. It serves as a critical indicator in soil 

hydroecological research. Additionally, SP is closely 

related to soil composition and can be employed as a 

parameter for estimating soil texture components, 

quantitatively assessing cation exchange capacity (CEC), 

and determining soil water holding capacit (Ahmad Aali et 

al., 2009). Also, soil SP reflects some physical properties 

of soil (Stivent and Khan, 1996). It is worth noting that soil 

SP indicates the amount of water availability for the plant, 

as well as the amount of movement of organic and 

inorganic solutes in the soil, and therefore, the processes of 

soil formation and the evolution of the profile affected by 

it (Ahmad Aali et al., 2009). 

Identifying spatial changes of soil characteristics such 

as SP is essential for land management. Digital soil 

mapping (DSM) is a key method for assessing soil spatial 

changes and has been utilized for over two decades (Kidd 

et al., 2018; Kidd et al., 2020). Advances in computing 

technology have revolutionized soil science (Wadoux et al., 

2020). DSM integrates field and laboratory methods with 

spatial and non-spatial inference systems to populate soil 

spatial information systems (IUSS, 2023). Recent years 

have seen a surge in DSM studies focusing on soil physical 

and chemical properties, driven by the increasing demand 

for quantitative soil data, advancements in statistical 

modeling and artificial intelligence, and improved access 

to environmental data for rapid soil mapping (Taghizadeh-

Mehrjardi et al., 2021; Wadoux et al., 2020; Grunwald et 

al., 2012). Accurate soil datasets are essential for effective 

management of agriculture, water conservation, carbon 

stocks, and soil erosion (Adeniyi et al., 2024; Žížala et al., 

2022). There are few studies in the direction of three-

dimensional mapping of soil properties such as particle size 

distribution and soil texture class (Amirian Chekan et al., 

2017; Dharumarajan and Hegde, 2022; Emami et al., 

2024b), organic carbon (Jamshidi et al., 2019; Mousavi et 

al., 2022) and saltiness and salinity. (Filippi et al., 2020; 

Emami et al., 2024a) has been done. Researchers used the 

RF model for digital soil mapping at the province scale and 

showed that when the RF model was trained using 

conventional soil mapping (CSM), the accuracy of the 

resulting DSM was higher than the original CSM (Heung 

et al., 2022). Cao et al. (2023) used the RF model to predict 

the risk of cadmium contamination in the soil of an 

abandoned mine and showed that the RF model is an 

accurate and stable model for predicting the risk of toxic 

metal contamination. Emami et al. (2024b) Using the 

quantile regression forest (QRF) method, showed that 

environmental variables are the most important factors in 

predicting the distribution of soil texture components and 

early soil attributes such as SP. Also, the use of 

environmental variables as auxiliary variables is one of the 

important factors that influence DSM, and investigating the 

type of influence of these auxiliary variables can identify 

the type of soil, for a better understanding of soil 

development and preparing soil prediction maps is 

important and necessary (Duan et al., 2022). It is also 

possible to use different environmental variables that have 

constant application in the entire study area by considering 

the climatic and geographical conditions of the study area 

(Fan et al., 2022). Naimi Mardani et al. (2021), using 

synthetic soil image and machine learning made acceptable 

predictions using the Cubist model for sand, soil organic 

carbon and CCE, and the RF model for clay. They showed 

that the combination of high-quality RS data and DEM-

derived variables can predict soil properties, and the use of 

RS data can reduce soil sampling costs and, as a result, soil 

mapping. The Sistan Plain is an alluvial plain located on 

the Hirmand River delta and has an extremely arid climate. 

SP is one of the easily available soil attributes that is related 

to the soil moisture level and water management in the soil. 

Therefore, paying attention to the 3D digital mapping of SP 

is very important for planning and management of water 

and soil in agricultural and environmental activities. So, the 

present study was conducted with the aim of digital 

mapping of the SP in 3D using some machine learning 

methods in the Sistan Plain 

2. Materials and methods 

2.1. Study area 

Sistan Plain is located in the north of Sistan and 

Baluchistan province, southeast of Iran and southwest of 

the Asian continent with geographical coordinates of 61 

degrees 10 minutes to 61 degrees 50 minutes of longitude 

and 30 degrees 18 minutes to 31 degrees 21 minutes of 

latitude. is (Figure 1). This deltaic plain is the result of the 

alluvial sediments of a river, which is known as a wide 

plain and originates from the Hirmand River in 

Afghanistan. The area of the studied area is about 218 

thousand hectares (Siyasar et al., 2020; Piri, 2012). The 

Sistan Plain is a floodplain and does not have any orogenic 

activity and high elevations, and it has no special 

topography. The average height above sea level varies 

between 480-490 meters and the slope of the area varies 
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between 1-2% (Mirakzehi et al., 2018). According to the 

strategic characteristics of the Sistan plain, it has a hot, dry 

and desert climate, the average summer temperature is 

more than 40 degrees Celsius and the average winter 

temperature reaches 5 degrees above zero. In terms of 

humidity and temperature regime, the soil of the region is 

aridic and hyperthermic respectively. Its land use is divided 

into three types of agriculture, barren and unusable (salt 

marsh) and the predominant plant species are salt-tolerant 

plants and plants with deep roots (such as Tamarix 

aphylla), salt grass (Salsola tomentosa), heather (Alhagi 

camelorum), eucalyptus (Eucalyptus camaldulensis), Crete 

(Desmostachya bipinnata) (Mirakzehi et al., 2018; Delbari 

et al., 2019). 

2.2. Sampling and laboratory methods 

To estimate soil SP, the data from 576 soil profiles were 

used (Jamalzehi Samareh, 2022), and the method of 

determining the sampling points was based on the random 

supervised method (Figure 1). Soil SP tests have been 

measured in a standard way, using the weighted average 

method in Excel 2019 software to categorize the data and 

calculate the SP value at the depths of 0-15, 15-30, 30-60, 

and 60-100 cm was used. These depths were selected based 

on the method announced by the FAO organization to 

determine standard depths for studying and preparing soil 

maps (Bishop et al., 1999; Malone et al., 2009). 

2.3. Environmental variables  

Data obtained from remote sensing images can be used 

to obtain qualitative and quantitative information about soil 

properties and are an essential and very cost-effective data 

source for soil mapping (Agbu et al., 1990; Ben-Dor et al., 

2009). In this study, Landsat 8 OLI images with a 27m 

resolution during whose cloud cover was less than 10% 

were downloaded from the EarthExplorer.gov site  the 

sampling intervals, then the downloaded images were used 

for radiometric corrections with the Radiometric 

Calibration tool and atmospheric corrections with the 

FLAASH Atmospheric Correction tool in the software 

ENVI 5.3 was done. Subsequently, multiple indices were 

computed and derived using ArcGIS 10.4 software (Table 

1). Additionally, a Digital Elevation Model (DEM) 

featuring a spatial resolution of 27 meters, obtained from 

the EarthExplorer.gov website, was utilized to extract 

environmental variables through SAGAGIS software 

(Table 2) and then in ArcGIS 10.4 software using the 

Extract Multi Values to Points tool, the variables of each 

point in the satellite images were extracted and using the 

Table to Excel variables were saved as a table in Excel 

2019 software. After that, to determine the correlation 

between the studied attributes and environmental variables, 

Pearson's correlation coefficient was used in SPSS 

software, and the variables that showed a significant 

correlation with soil SP were included in the process of 

modeling and statistical analysis, and other variables were 

removed (Aksoy et al., 2012; Zeraatpishe et al., 2019; 

Shahriari et al., 2019). And then maps of each selected 

variable were prepared using ArcGIS 10.4 software (Wei 

et al., 2021; Bameri et al., 2015). 

Initially, all environmental variables were incorporated 

into the modeling process. Subsequently, based on their 

relative importance, which ranges from 0 to 100%, 

variables with importance values below 10% were deemed 

insignificant and consequently excluded from the models. 

The remaining variables were utilized in the final models. 
 

 
Figure 1. The location of the area and the studied soil profiles 
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2.4. Spatial modeling 

The random forest (RF) method is a non-parametric 

model that builds multiple decision trees and combines 

them to create a more accurate classification. This method 

generates several trees and continuously classifies the data 

to find the best generalization point for each point and 

finally uses a voting mechanism in the forest to determine 

the output. This method is characterized by randomly 

selected samples and allows each tree in the forest to have 

similarities and differences (Cao et al., 2023; Shams et al., 

2023). 

The quantile regression forest (QRF) method as an 

advanced statistical modeling technique and a developed 

method of random forest algorithms is a flexible, non-

linear, and non-parametric method that is very popular and 

useful as a powerful tool in machine learning methods 

(Gyamerah and Moyo, 2020; Athey et al., 2019; Wager and 

Athey, 2018). QRF has great potential to perform 

quantitative regressions on predictive distributions in 

various domains, as well as handle complex problems such 

as quantile regression and uncertainty estimation, and can 

provide users with a QRF algorithm that is widely 

implemented in R software (Gyamerah and Moyo, 2020; 

Meinshausen, 2017). 

The Cubist method is a rule-based regression method 

that is quite effective in digital soil mapping (Zulfiqari and 

Abedi, 2019, Malone et al., 2016b). This algorithm is a tree 

model based on M5 theory (Quinlan, 1992) and prediction 

It divides the user into different subgroups based on "if-

then" rules (Kuhn et al., 2016).  

The main advantage of the Cubist method is to add 

multiple training committees and “reinforcement” so as to 

make the weights more balanced. a series of trees are 

produced to establish the Cubist model. The number of 

neighbors is used to modify the rule-based forecastsThe 

Cubist model employs a linear combination of the two 

models. The general conception about the Cubist 

regression model is described as follows: during the growth 

of a tree, many leaves and branches are grown.  

The branches can be regarded as a series of “if-then” 

rules, while the terminal leaves can be regarded as an 

associated multivariate linear model. Assuming that a 

series of covariates comply with the condition of a rule, the 

associated model will be applied to calculate the predictive 

value. The Cubist model adds boosting with training 

committees (usually greater than one) which is similar to 

the method of “boosting” by sequentially developing a 

series of trees with adjusted weights. The number of 

neighbors in the Cubist model is applied to amend the rule-

based prediction (Kuhn et al., 2016).  

The key strength of the Cubist method lies in its use of 

multiple training committees and boosting techniques to 

achieve a more balanced distribution of weights. Its 

primary application is in analyzing large-scale databases 

that contain vast numbers of records and both numeric and 

nominal fields. 

Each of the three models evaluates the importance of 

individual variables. During the modeling process, the 

values of each variable are randomly permuted while the 

values of the other variables remain unchanged. The 

difference between the Mean Squared Error (MSE) 

calculated from the permuted data and the original data 

provides a measure of variable importance. Variables that 

result in a relatively larger increase in MSE are considered 

more significant.  

Initially, all environmental variables were included in 

the modeling process. However, based on their relative 

importance, which ranges from 0 to 100%, variables with 

importance values below 10% were deemed insignificant 

and subsequently removed from the models. The remaining 

variables were then used in the final models. 

It is worth mentioning that to implement the desired 

models from the specialized packages "caret", 

"randomForest", "Cubist" and the "qrf" function was 

performed in R version 4.3.2 statistical software 

environment. 

K-fold cross-validation was employed to assess model 

performance. Specifically, a 10-fold cross-validation 

approach was applied, in which the dataset was randomly 

divided into k=10 subsets (folds).  

The model was trained using k=9 folds and validated on 

the remaining single fold, with accuracy metrics computed 

based on the test fold. This training and testing procedure 

was repeated k times, ensuring that each fold was used as 

the test set exactly once. The overall performance of the 

model was determined by averaging the accuracy metrics 

across all folds, and the results were reported accordingly. 

The root mean square error (RMSE), mean error (ME), 

and correlation coefficient (R2) were used to compare the 

models and choose the best model to obtain the dependent 

variables (saturated humidity). The R² value indicates the 

proportion of variation explained by the model, while the 

Root Mean Squared Error (RMSE) serves as a measure of 

prediction accuracy. The Mean Absolute Error (MAE), 

which is always a positive value, represents the average 

magnitude of errors and tends to exhibit a skewed 

distribution. Consequently, the closer the MAE value is to 

zero, the greater the accuracy of the method being 

evaluated. 

Equation 1 was used to calculate RMSE: 

RMSE = √
1

n
∑ (𝕐𝒾 − 𝕐𝒿)2n

𝒾=1                  Equation (1)  

where n is the total number of data, Yi is the measured 

value and Yj is the predicted value. 

Equation 2 was used to calculate ME: 

ME =  
1

n
 ∑ [ 𝕐∗(xi) − 𝕐(xi)]n

i=1                    Equation (2)  

where n is the total number of data, Y(xi) is the 

predicted value at the i-th point and Y^* (xi) is the 

calculated value at the i-th point. 

Equation 3 was used to calculate R2: 

ℝ2 =
𝑆𝑥𝑦

2

𝑆𝑥𝑥𝑆𝑥𝑦
                                                Equation (3)  

where x and y are the standard deviation of the variables 

and are in the form of Sx and Sy and its covariance is also 

denoted by COVxy and can be calculated from the 

relationship of R2 (Metinfar et al., 2019). 
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Table 1. Environmental variables extracted from Landsat 8 

Symbol of 

covariate 
Description 

Symbol of 

covariate 
Description Definition 

SWI1 SWIR Band DVI Difference Vegetation Index NIR – RED 

SWIR2 SWIR Band SR Simple Ratio NIR/Red 
NIR NIR Band SLAVI Specific Leaf Area Vegetation Index NIR/(Red + SWIR 2) 

coastal Coastal Band SAVI Soil Adjusted Vegetation Index (1 + L) * (NIR - RED) / (NIR + RED + L) 

GEMI - MNDWI 
Modified normalized difference water 

index 
(Green -Swir)/ (Green + swir) 

NBRI 
Normalized burn 

ratio 
EVI Enhanced Vegetation Index 

(NIR - RED) / (NIR + C1 * RED-C2 *BLUE 

+ L) 

CTVI - Blue Blue band of Landsat-8 Wavelength of 0.450–0.515 𝜇m 

SATVI 
soil-adjusted total 

vegetation index  
Red Red band of Landsat-8 Wavelength of 0.630–0.680 𝜇m 

NRVI 
Normalized Ratio 
Vegetation Index 

Green Green band of Landsat-8 Wavelength of 0.525–0.600 𝜇m 

B1 Landsat OLI EVI2 Enhanced Vegetation Index 
(NIR - RED) / (NIR + C1 * RED-C2 *BLUE 

+ L) 

B2 Landsat OLI NDVI Normalized Difference Vegetation Index (NIR-RED) / (NIR + RED) 

B3 Landsat OLI GNDVI 
Green Normalized Difference Vegetation 

Index 
(B5 - B3)/ (B5 + B3) 

B4 Landsat OLI NDWI Normalized difference water index (B3 - B5)/ (B3 + B5) 

B5 Landsat OLI NDWI2 Normalized difference water index (B3 - B5)/ (B3 + B5) 

B6 Landsat OLI SAVI_1 Soil Adjusted Vegetation Index (1 + L) * (NIR - RED) / (NIR + RED + L) 
B7 Landsat OLI MSAVI Modified Soil-adjusted Vegetation Index (1+L)( NIR-Red)/ (NIR+Red+L) 

RVI 
Ratio Vegetation 

Index 
MSAVI2 Modified Soil-adjusted Vegetation Index 

(2*NIR+1-sqrt ((2*NIR + 1)2-8*(NIR-

Red)))/2 

 

Table 2. Environmental variables extracted from DEM 

Symbol of covariate Description References 

Wetindex Wetness index - 
Convergen Convergence index - 

Diurnal_Anisotropic_ Heating Diurnal anisotropic heating Boettinger  et al., (2008)  

Overland Distflow Overland flow distance to channel network  Boettinger  et al., (2008)  
Wind_Effect The Wind Effect is a dimensionless index Boettinger  et al., (2008)  

Drainage Drainage Basins Boettinger  et al., (2008)  

Cluster Study area  classification into groups Boettinger  et al., (2008)  
Croscurve Cross- sectional curvature Boettinger  et al., (2008)  

Slope Slope angle (%) - 

Catchment Catchment area - 
Landforms Landform - 

Distriverfinal Distance from main river - 

Relative_Slope_ Position Relative slope position Boettinger  et al., (2008)  
Analytical _Hillshading Analytical hillshading Boettinger  et al., (2008)  

Channel network Channel networks Boettinger  et al., (2008)  

Flow_Path_ Length Flow path length Boettinger  et al., (2008)  
Effective_Air_ Flow_Heights Effective air flow heights Boettinger  et al., (2008)  

Horizontal_ Overland_ Flow_Distance Horizontal  overland  flow distance Boettinger  et al., (2008)  

Vertical Distance Channel Vertical distance to channel network Taghizadeh-Mehrjardi et al., (2021) 

Valey depth Depth of valley in meters 
Rodiguez et al., (2002) 

Taghizadeh-Mehrjardi et al., (2021) 

LSfacror 
Multiple flow algorithms and help to accurately estimate 

current accumulation 

Boehner and Selige, (2006) 
Taghizadeh-Mehrjardi et al., (2021) 

Aspect Compass direction of the maximum rate of change Hom, (1981) 

3. Results and discussion 

3.1. Statistical analysis 

Characteristics such as kurtosis and skewness of the 

data show that at all depths the SP data are normal to almost 

normal (Table 3). Also, SP values in all depths have the 

lowest coefficient of variation. Coefficient of variation 

(CV), which is a measure of relative variability, if 100% > 

CV ≥ 50% high variability, 50% > CV ≥ 21% moderate 

variability, and if CV ≤ 20% indicates low variability 

(Karimi Nezhad et al., 2015).  

In  this  study,  the  coefficient  of  variation  of SP was 

50%-21%, which showed moderate variability. Also, the 

average value of SP showed that the first depth (0-15 cm) 

had the lowest average value (33.92 percent) and the fourth 

depth (60-100 cm) had the highest average (39.30 percent). 

Regarding SP changes in Sistan plain soil, limited studies 

have shown that in the Miankangi area, the average 

(46.67%) of this characteristic is higher than the average in 

the surface soil of the whole plain (Gholamalizadeh 

Ahangar et al., 2015; Hashemi et al., 2016).  

According to the changes in soil texture components in 

the study area (Jamalzehi Samrah et al., 2021), it seems that 

the role of these attributes on SP changes at the surface and 

depth is significant. 
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3.2. Auxiliary variables 

Figure 2 shows the distribution map of auxiliary 

variables with high importance in RF and QRF methods, 

including valley depth, channel network, distance from the 

river, evaluation, and normalized difference vegetation 

index (NDVI). Based on RF modeling, The valley depth 

variable was the most important, the channel network, the 

distance from the river, and the evaluation were less 

important, and the NDVI and vertical index were the least 

important (Figure 3-a). The channel network variable has 

the most importance, evaluation, valley depth, distance 

from the river, band 4, band 6, surface soil particle size 

index, band 7, band x43 and salinity index have medium 

importance, NDVI index has the least importance (Figure 

3- b). The valley depth variable had the most importance, 

the channel network, distance from the river, and 

evaluation had medium importance, and the vertical and 

salinity index had the least importance (Figure 3-c). The 

valley depth variable had the most importance, evaluation, 

distance from the river and channel network had medium 

importance, and vertical and NDVI index had the least 

importance (Figure 3-d). 
 

Table 3. Some statistical characteristics of SP 

Depth (Cm) Average Median Min Max Variance Skewness Kurtosis 
Standard 

Deviation 
CV 

0-15 33.96 32.99 14 61.6 53.93 0.55 0.23 7.34 21.61 
15-30 35.38 33.26 14 74.3 88.83 1.03 1.02 9.42 26.62 

30-60 38.07 35.67 12 74.7 124.34 0.95 0.72 11.15 29.29 

60-100 39.40 36.79 16 75.4 140.70 0.81 0.07 11.86 20.10 

 

Based on QRF modeling, the variables of the channel 

network, evaluation, and distance from the river are the 

most important, valley depth variables, NDVI index, band 

5, band 4, band 6 and band x43 are of medium importance, 

surface soil particle size index variables, band 7 and index 

Salinity was the least important (Figure 4-a). The variable 

of the channel network has the most importance, variables 

of evaluation, distance from the river, NDVI index, band 4, 

band 5, valley depth, band 6, band x43, and surface soil 

particle size index have medium importance, band 7 

variables, and salinity index have the least importance were 

(Figure 4-b). The channel network variable had the most 

importance, the evaluation and distance from the river 

variables had medium importance, and the valley depth 

variable had the least importance (Figure 4-c). The channel 

network variable, evaluation has the most importance, the 

distance  from  the  river  has  medium importance, and the 

valley depth variable has the least importance (Figure 4-d). 

Emami et al. (2024b) used different auxiliary variables 

to model soil texture components using the QRF model and 

found that the valley depth variable acted as one of the best 

auxiliary variables for clay and sand modeling. Researchers 

considered the distance from the river and the network of 

canals (Pahlavan-Rad and Akbarimoghaddam, 2018) and 

Bands 4 and 7 (Shahriari et al., 2019) to be important 

auxiliary variables in the modeling of the surface soil 

texture of a part of the Sistan plain. Various researchers 

have found that elevation has played an important role in 

the preparation of soil maps as an auxiliary variable for 

modeling (Taghizadeh-Mehrjardi et al., 2021). Mirak zehi 

et al. (2018) showed in the spatial modeling of Sistan plain 

soil classes that the channel network, valley depth, 

elevation, and distance from the river are important 

auxiliary variables. 
 

 
Figure 2. Distribution of auxiliary environmental variables in the study area 
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 In general, it can be said that the variables derived from 

remote sensing were effective in modeling soil SP only in 

the first (0-15 cm) and second (15-30 cm) depths which 

were close to the land surface. Several studies also 

confirmed that in three-dimensional modeling of soil 

characteristics, the importance of auxiliary variables 

extracted from satellite images decreases with increasing 

depth (Amirian Chekan et al., 2017; Taghizadeh Mehrjardi 

et al., 2014). 

 

 
 

  

Figure 3. Importance of variables used in SP modeling with the RF model (a: 0-15 cm, b: 15-30 cm, c: 30-60 cm and d: 60-100 cm) 

 

 Also, several studies have stated that in areas with a 

low slope (less than 5%) due to the low variability of the 

variables from the DEM, other topographical parameters 

have less effect in predicting soil properties, especially on 

the surface (Amirian Chekan et al., 2017; Emami et al., 

2024b). Contrary to these findings, in all studied depths, the 

variables derived from the DEM (terrestrial variables) were 

effective on SP in the area. In the third depth (30-60 cm) 

and the fourth depth (60-100 cm), only terrestrial variables 

were effective in modeling. Another point about these 

selected variables is that they are mainly related to alluvial 

activities (such as the depth of the valley, distance from the 

river, channel network, and elevation). The activity that has 

had the greatest effect on soil changes in the studied area 

(Mirakzehi et al., 2018; Pahlavan-rad and 

Akbarimoghaddam, 2018; Shahriari et al., 2019).  

In other words, the selected environmental variables 

reflect the conditions and soil-forming factors in the Sistan 

Plain. On the other hand, it seems that for the physical 

attribute, SP, the variables derived from DEM show a 

higher correlation at all depths. The reason for the 

relationship between the variables extracted from DEM and 

physical characteristics such as soil texture components can 

be related to their effect on the vertical and lateral 

movement of soil particles through erosion and 

sedimentation (Emami et al., 2024b; Akpa et al., 2014) . 

3.3. Spatial modeling 

Based on the highest value of R2 and the lowest value 

of RMSE, the RF model for SP at depths of 0-15, 15-30, 

30-60, and 60-100 was obtained as the best model for 3D 

spatial modeling in Sistan floodplain (Table 4). Of course, 

in the second depth, the QRF model has also performed 

better based on the MAE index. It should be mentioned 

that, in general, no significant difference was observed 

between the studied models.  Also, Naimi Mardani et al. 
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(2021) showed that the RF model for the parameters of clay 

(R2=0.48 and RMSE=6.02), silt (R2=0.19 and 

RMSE=35.17), and sand (R2=0 34.34 and RMSE=65.10) 

based on R2 value and RMSE has a higher performance for 

predicting soil texture components. Hengl et al. (2015) 

predicted the spatial distribution of soil properties using the 

RF model and linear regression and reported that the RF 

model is more accurate in predicting soil properties than 

the linear regression model. Pahlavan-Rad and 

Akbarimoghaddam (2018) investigated the spatial 

distribution pattern of soil texture components and pH in a 

part of the agricultural lands of the Sistan floodplain in 

Zahak city by using the RF model and found that the RF 

model due to the large variation in the amount of soil 

texture in the plain Sistan flood reaches relatively high 

RMSE values for both soil texture and pH  
 

  

 
 

Figure 4. Importance of variables used in SP modeling with the QRF model (a: 0-15 cm, b: 15-30 cm, c: 30-60 cm and d: 60-100 cm) 

 

Camera et al. (2017) using MLR models and RF, 

predicted soil properties including WRB soil groups, soil 

depth, and soil texture classes, and showed that the RF 

model compared to The MLR model performed better. 

Zhang et al. (2020) used the RF model to predict soil clay 

and showed that the RF model performs well in showing 

the changes from the surface to the depth and has a very 

good accuracy compared to other methods. Jena et al. 

(2023) used the RF model for digital mapping of soil 

texture components and their results showed that R2 value 

for depths of 0-5, 5-15, 15-30, 30-60, 60-100, and -200 100 

was equal to 0.30, 0.28, 0.21, 0.02, 0.02, 0.14, respectively, 

and in the first two depths, the accuracy of the model 

showed a good performance, and in the lower depths, the 

accuracy of the model decreased. 

Lotfollahi et al. (2023) performed spatial modeling of 

soil texture components using the Global Soil Map and 

limited data and showed that the RF model with R2 and 

RMSE values of 0.80 and 3.87 respectively for sand and 

0.82 and 2.34 for clay and silt had the most accurate 

predictions of 0.85 and 2.89. Also, in this research, they 

showed that terrestrial-based environmental variables had 

a greater effect than remote-sensing variables. 

0 20 40 60 80 100

Chanelnetwork

Elevation

Distriverfinal

NDVI

Band4

Band5

Valeydepth

Band6

X43band

GSI

Band7

Ndist

Importance of covariate

Silt 60-100

0 20 40 60 80 100

Chanelnetwork

Elevation

Distriverfinal

Valeydepth

NDVI

Band5

Band4

Band6

X43band

GSI

Band7

Ndist

Importance of 

covariate

a

0 20 40 60 80 100

Chanelnetwork

Elevation

Distriverfinal

Valeydepth

Importance of covariate

d

0 20 40 60 80 100

Chanelnetwork

Elevation

Distriverfinal

Valeydepth

Importance of covariate

c



Agriculture, Environment & Society (AES) 

 

27 

 

 Table 4. Soil SP spatial modeling results 

Model Depth (Cm) Mtry committees Neighbors RMSE R2 ME 

RF 

0-15 

2 - - 6.75 0.19 5.34 

QRF 2 - - 6.82 0.18 5.37 

Cubist - 1 9 6.99 0.17 5.47 

RF 
15-30 

2 - - 8.40 0.23 6.48 
QRF 2 - - 8.48 0.23 6.34 

Cubist - 10 0 8.45 0.19 6.46 

RF 

30-60 

2 - - 10.19 0.19 7.93 

QRF 2 - - 10.86 0.14 8.14 
Cubist - 1 0 10.54 0.15 8.03 

RF 

60-100 

2 - - 11.26 0.12 8.97 

QRF 2 - - 11.86 0.01 9.13 
Cubist - 1 9 11.52 0.11 9.09 

The relatively high RMSE values observed in this study 

reflect the complexity of soil property variations and the 

diverse conditions influencing soil formation in floodplains 

(Wälder et al., 2008). Aeolian erosion and deposition are 

two significant processes contributing to increased spatial 

heterogeneity within the study area. Although challenging 

to incorporate, the inclusion of environmental variables 

related to aeolian processes could enhance the accuracy of 

the model. 

3.4. 3D distribution of SP 

As can be seen, the distribution of SP at depths of 0-15, 

15-30, 30-60, and 60-100 is shown in Figure 5. The spatial 

changes of SP at the depth of 0-15 (first depth) has an 

increasing value in the northern parts and It has an average 

amount in the central parts of the Sistan plain and a smaller 

amount in the southern parts. In this depth, SP value in class 

more than 40% is 7.16% of lands, class 35-40% is 26.99% 

of lands, class 30-30% is 56.21% of lands, class 25-30 is 

9.3% of lands and the class less than 25% included 0% of 

Sistan Plain lands. Hashemi et al. (2016) showed that the 

trend of SP changes in the surface soils of the Miankangi 

region of the Sistan Plain is similar to the pattern of 

distribution of silt and clay particles in the region. In other 

words, SP has a close and high relationship with soil texture 

components (Selmy et al., 2022).  

According to research by Jamalzehi Samrah et al. 

(2021) on soil texture components in the Sistan region, a 

correlation analysis was done between these properties and 

SP at various depths (Table 5). The result showed a 

significant and positive correlation between silt and clay 

particles and SP in all depths. Conversely, a significant 

negative correlation was found between sand particles and 

SP in the studied area. 

 
Table 5. Correlation analysis between SP and Soil texture components 

 Depth Clay% Silt% Sand% 

SP% 

0-15 0.581** 0.491** -0.637** 

15-30 0.631** 0.442** -0.676** 

30-60 0.647** 0.379** -0.707** 

60-100 0.655** 0.324** -0.692** 

The significance level is marked with stars (P < 0.01**) 

 

The spatial changes of SP in the depth of 15-30 (second 

depth) have an increasing value in the northern parts, and it 

has an average value in the central parts of the plain and a 

small value in the southern parts. In this depth, SP value in 

class more than 40% is 22.60% of lands, class 35-40% is 

20.89% of lands, class 30-30% is 50.50% of lands, class 

25-30 is 73.5% of lands and the class included less than 

25% of 0.01% of Sistan plain lands.   

Shahriari et al. (2019) in the spatial modeling of the soil 

texture components of the Sistan plain at a depth of 0-30 

cm showed that the amount of soil clay components is the 

highest in the northwestern and northern parts of the plain. 

Also, in the southern and central parts of the plain, which 

are adjacent to the Sistan River, there is more sand, and in 

the northwestern, northern, and western parts of the region, 

the amount of sand is the lowest. The amount of silt is the 

highest in the eastern, northeastern and western parts of the 

region, too. Also, Pahlavan-rad and Akbarimoghaddam 

(2018) in a study they conducted in the southeastern and 

southern parts of the Sistan plain investigated the changes 

in soil texture components at a depth of 0-30 cm and 

showed that due to the proximity to the Sistan river, the 

amount of sand in this area is high that the reason for that 

is the quick sedimentation of sand from suspension during 

floods. On the other hand, the high amount of sand in the 

area is caused by wind-blown sediments resulting from the 

120-day winds that prevail in the area. These strong winds 

start from the beginning of June and end in the middle or 

end of September, when the water flow of the Hirmand 

River stops in the area from the north, and the northwest 

blows towards the south and causes the erosion of sand 

particles from the northern parts and the sedimentation and 

redistribution of sand particles in the southwestern and 

southern parts. Also, the amount of silt was high in the area 

around the Sistan River, and since the most important 

variable of these researchers in this study was "distance 

from the river", it is likely that the amount of clay is higher 

in these soils as a result of the slower settling of clay and 

silt particles from flood sediments above the river. in the 

region (Pahlavan-Rad and Akbarimoghaddam, 2018). 

Based on this, it seems that the amount of SP in this area is 

strongly influenced by the changes in the soil texture 

components and is in line with the changes in clay and silt 

parameters and has an opposite relationship with the sand 

parameter. 
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The spatial changes of SP in the depth of 30-60 (third 

depth) has an increasing value in the northern parts and has 

an average value in the central and southern parts of the 

plain. In this depth, SP value in class more than 40% is 

27.33% of lands, class 40-35% is 34.49% of lands, class 

30-30% is 31.23% of lands, class 25-30 is 1.01% of lands 

and the class less than 25% included 0% of Sistan Plain 

lands. The spatial distribution of SP in the depth of 60-100 

(fourth depth) has an increasing value in the northern and 

central parts, and it has an average value in the southern 

parts of the plain. In this depth, SP value in class more than 

40% is 39.31% of lands, class 35-40% is 37.03% of lands, 

class 30-30% is 23.93% of lands, class 25-30 is 0.72% of 

lands and the class less than 25% included 0% of Sistan 

Plain lands. 

 

 
Figure 5. SP distribution at depths of a: 0-15 cm, b: 15-30 cm, c: 30-60 cm and d: 60-100 cm. 

 

In general, the amount of SP increases from the surface 

to the depth of the soil in the Sistan plain. Jamalzehi 

Samrah et al. (2021) showed that with increasing soil depth, 

the proportion of fine soil components (silt and clay) 

increases with depth in the Sistan plain, and these changes 

are constant from 40 cm to 100 cm deep. Therefore, as 

mentioned, the changes in soil SP in the Sistan plain are in 

line with the changes in the soil texture components of the 

region (Hashemi et al., 2015; Selmy et al., 2022). On the 

other hand, the soil SP 3D changes are in line with the 

changes in the soil texture of the Sistan plain, and these 

changes are strongly influenced by the interactions of the 

prevailing alluvial and aeolian activities in the studied area, 

that these activities cause complexity in the relative 

changes of the soil characteristics of the region (Mirakzehi 

et al., 2018; Pahlavan-rad and Akbarimoghaddam, 2018; 

Shahriari et al., 2019). 

Based on the results obtained regarding the three-

dimensional zoning of the percentage of saturated soil 

moisture, it seems that in the northern areas of the Sistan 

plain, due to the high level of this parameter, the irrigation 

cycle can be done with a longer time interval than in the 

southern areas of the plain for agricultural products. 

Therefore, agricultural products or plants with more 

drought resistance can be recommended for the northern 

areas of the plain. Also, in the northern regions, both plants 

with shallow and deep roots can be considered to manage 

vegetation and deal with wind erosion, in the fields of 

natural resources, and in the southern regions of the plain, 

more trees and plants with deep roots can be used for this 

purpose.  

4. Conclusion 
3D spatial modeling of soil SP in dry areas is one of the 

important aspects of soil mapping that plays an important 

role in land management strategies. For the spatial 

modeling of this attribute, different methods are used, 

including random forest, quintile regression forest, and 

cubist. The results showed that the value of SP in the south 

was the lowest values and in the middle of the Sistan plain 

was the average values and in the north of the plain at the 

edge of the Hamoun wetlands had the highest values and 

the SP changed from the surface to the depth with the same 

spatial trend in the studied layers, and its average value 

increases from the surface to the depth. It seems that the 

changes are in line with the three-dimensional changes of 

the soil texture components in the region. The random 

forest method had the best performance in SP estimation 

and the environmental variables derived from satellite 

images and DEM (terrestrial variables) at two upper depths 
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(0-15 and 15-30 cm) and the terrestrial variables at all 

depths showed a good correlation with SP. The relationship 

between selected environmental variables and alluvial 

processes was significant. In general, the findings 

emphasize the importance of integrating environmental 

variables that reflect soil conditions and their influencing 

factors in conjunction with advanced modeling techniques 

such as RF to prepare and produce soil characteristic maps 

with high accuracy. For future studies, it is recommended 

to use new machine learning models in this regard.    
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ARTICLE INFO  ABSTRACT 

Article history:  Increasing the CO2, N2O and CH4 concentrations cause the global warming. 

Therefore, the fuel consumption, energy and greenhouse gas emissions in wheat, 

canola and sunflower productions in Minoodasht township were investigated. Data 

were collected from 60 wheats, 25 canola and 10 sunflower fields in 2021-2022 

growing season. Energy input and greenhouse gas emissions per hectare was 

analyzed based on the fuel and input consumptions per each agricultural operation 

by related coefficients. Findings revealed that 140.46, 100.00 and 158.00 l/ha fuel 

diesel were needed to wheat, canola and sunflower production. Land preparation in 

wheat and canola production and harvesting the sunflower had the highest energy 

requirements and greenhouse gas emissions. The output to input energy ratio was 

calculated as 4.84, 4.94 and 3.69 in wheat, canola and sunflower productions, 

respectively. Also, in the wheat, canola and sunflower production, net energy was 

62,743, 39,885 and 31,177 MJ, respectively, energy efficiency was 0.21, 0.19 and 

0.13 respectively, and specific energy was 4.76, 5.26, 7.69 MJ/kg, respectively. 

According to the results, 1238, 904 and 1070 kg eqCO2/ha were emitted from 

wheat, canola and sunflower fields, respectively. On average, 76, 89, and 92 g 

greenhouse gases were emitted for one MJ/ha energy consumed in wheat, canola, 

and sunflower productions, which is equivalent to 16, 18, and 25 g energy output, 

respectively. Finally, according to the obtained results, the chemical fertilizers 

consumption, especially nitrogen fertilizers, as well as the fossil fuels consumption 

account for an important part of energy consumption and greenhouse gases 

emissions.      
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Highlights* 

• Wheat uses 140.46 L/ha fuel, canola 100 L/ha, sunflower 158 L/ha in Minoodasht, 2021-2022. 

• Energy efficiency: wheat 4.84, canola 4.94, sunflower 3.69; net energy highest in wheat. 

• GWP: wheat 1238, canola 904, sunflower 1070 kg eqCO2/ha; N-fertilizers, fuel key emitters. 

• Land prep in wheat/canola, harvest in sunflower lead energy use and GHG emissions. 

• Wheat emits 76 g GHG/MJ input, canola 89 g, sunflower 92 g; optimizing inputs cuts emissions. 

 

1. Introduction 
Energy consumption has become more than before in 

agriculture by increasing the population growth and more 

fossil fuels demands (Fei and Lin, 2017). In addition, it is 

predicted that the energy consumption will increase due to 

the increased economic growth, soil degradation, climate 

 
* Corresponding author. 

  E-mail address:  masoumeh_naeemi@yahoo.com 
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change and global warming, as well as labor shortages. It 

is worth mentioning that high energy consumption will be 

a dangerous threat to maintain the agriculture 

sustainability, public health and environmental functions 

(Bergtold et al., 2017). Efficient consumption of energy is 

one of the main demands for sustainable agriculture 
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(Ghorbani et al., 2011). The higher energy efficiency will 

provide the natural resources saving, reducing 

environmental damage and developing the sustainable 

agriculture (Yuan et al., 2018). Energy analysis of 

agricultural ecosystems is a useful method to determine the 

energy and environmental sustainability. Furthermore, 

optimizing the natural resources by more energy-efficient 

crop cultivation technologies, is needed to enhance the cost 

benefits and mitigate the environmental consequences 

(Gong et al., 2021). Accordingly, reducing the energy 

consumption and increasing the energy efficiency is very 

necessary to ensure the food sustainability and 

environmental security. The analysis of energy input and 

output is a promising assessment for analyzing energy flow 

and determining the optimal use of energy in crop 

productions (Kizilaslan, 2008). Sustainable environment 

dependent on the sustainable agriculture. Environmental 

factors have a great contribution to agriculture as compared 

to other. Higher energy use efficiency will promote 

sustainable agriculture by minimizing environmental 

problems and preventing the destruction of natural 

resources. (Imran et al., 2020).  

The agricultural sector is important because it can be 

useful as a global solution to reduce the greenhouse gas 

emissions caused by human activities (Yuan et al., 2018). 

The share of agricultural activities in the greenhouse gas 

emissions is 10-12% of the total greenhouse gas emission 

(Brownea et al., 2011). Increasing the greenhouse gas 

concentrations in the atmosphere will cause the earth to 

warm up, and as a result, the atmosphere and oceans 

average temperatures will also increase (Pishgar-Komleh, 

2012).  

The production, transportation, storage and distribution 

of inputs as well as the use of machinery causes the 

combustion of fossil fuels, which results the greenhouse 

gas emissions into the atmosphere and global warming. 

Therefore, it is very necessary to know the intensity of 

greenhouse gas emissions based on the kilogram of carbon 

dioxide equivalent in various tillage operations, use of 

chemical fertilizers and pesticides, irrigation and 

harvesting methods (Lal, 2004). 

The share of the world's arable land for grain cultivation 

is about 52%, which is approximately equivalent to 707 

million hectares. The most cultivated area of wheat species 

in the world is common wheat (Triticum aestivum L.) or 

bread wheat, so that it includes approximately 95% of the 

wheat cultivated area  in the world (Pourazri et al., 2013). 

Canola is the second oilseed crop in the world after soybean 

with 68 million ton productions (FAO, 2023). Sunflower is 

often cultivated as a source of vegetable oil. Its nutritional 

value and quality are often more than other oil crops. 

Sunflower has 40 to 60% edible oil. At present, more than 

90% of the edible oil needed in the country is supplied 

through imports, therefore, it is important to cultivate the 

oil crops, including sunflower and canola, in Iran, 

especially in Golestan Province (Mousavi-Avval et al., 

2011).  

The reports indicated the different amounts of fuel 

consumption in wheat production. The fuel consumption 

calculated 65.00, 126.00 and 93.40 l/ha by Safa et al. 

(2011), Taghavifar and Mardani (2015) and Wang et al. 

(2014), respectively. The amount of greenhouse gases 

emissions due to the fuel consumption was evaluated as 

460.06 ± 0.15 kg eq-CO2 ha-1 (Rezvantalab et al., 2015), 

while some researchers estimated to be 203 and 455.2 kg 

eq-CO2 ha-1 (Safa and Samarasinghe, 2012; Mohammadi et 

al., 2014).  

A study evaluated the energy consumption in rain-fed 

wheat cultivation in China, stating that 56%, 22%, 14%, 

4%, and 4% of the total energy consumption in rain-fed 

wheat production was attributed to the use of chemical 

fertilizers, pesticides, seeds, machinery, and human labor, 

respectively. The total energy consumption and energy 

efficiency were calculated 18200 MJ ha-1 and 2.9, 

respectively. This study considered the use of sandy mulch 

to increase the rain-fed wheat grain yield, which was able 

to enhance the energy use efficiency and net energy (Wang 

et al., 2019). In the terrace region of Turkey, by comparing 

energy indices in wheat production, energy use efficiency 

was reported 3.77. The main reason for the increased 

energy use efficiency was attributed to the higher wheat 

grain yield in the region. Additionally, the chemical 

fertilizers and fossil fuels consumptions were among the 

most significant sources of energy consumption in wheat 

production (Unakotan and Aydin, 2018). In a study aimed 

at assessing the environmental impact of sunflower 

production in the Halilan County of Ilam Province, Iran, 

was observed that the global warming potential for 

sunflower production was 2417.42 kg eq-CO2 ha-1. 

Electricity consumption, diesel fuel, and nitrogen fertilizers 

were the main sources of greenhouse gas emissions in 

sunflower production. Greenhouse gas emissions from 

electricity consumption were higher than from other inputs 

due to the use of the old electric pumps in the irrigation 

system. The carbon efficiency coefficient for sunflower 

cultivation was calculated 2.06 (Azizpanah et al., 2023).  

The Minoodasht twonship, located in Golestan 

Province, Iran, has 25200 hectares of arable lands. So, 

20,800, 950, and 105 hectares are allocated annually to the 

cultivation of wheat, canola, and sunflower, respectively. 

This study will examine fuel consumption, energy use, and 

greenhouse gas emissions, comparing these factors across 

wheat, canola, and sunflower to identify the best crop in 

terms of fuel consumption and reducing greenhouse gas 

emissions. 

2. Materials and Methods 

2.1. Data collection 

Data were collected from 60 wheats, 25 canola and 10 

sunflower fields in 2021-2022 growing season. The study 

was conducted in Minoodasht township using a random 

sampling method. The required data was collected through 

face-to-face interviews with the producers and by taking 

notes on all agricultural operations. The operations 

included plowing, disking, cultivating, chemical spraying, 

etc. Information was recorded based on the duration of each 

agricultural operation, the amount of fuel consumed per 

hectare for each operation, the types of machinery used, the 

number of operations, the variety and seeds used amount, 
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the types of chemical fertilizers, the types of pesticides used 

to control weeds, pests, and diseases, and finally the yield 

of the agricultural products mentioned in each sampled 

fields. At the end of the survey, information such as the area 

under cultivation and the type of pervious crop planted was 

recorded in each field. After recording the mentioned 

information, an assessment of energy flow and greenhouse 

gas emissions was conducted. 

2.2. Energy analysis 

Energy flow in the fields can be divided into energy 

input and energy output which the energy input 

(consumable) was classified in direct and indirect energy in 

many studies (Rathke et al., 2007; Tipi et al., 2009; Kaltsas 

et al., 2007). 

Direct energy (MJ/ha) includes (1) the fuel 

consumption in various field operations including land 

preparation, sowing, fertilizing, plant protection, irrigation, 

and harvesting; (2) electricity for water pumping; and (3) 

the use of human labor. Indirect energy (MJ/ha) includes 

(1) the energy used for manufacturing, warehousing, and 

transportation of chemical fertilizers; (2) the energy used 

for manufacturing, warehousing, and transportation of 

chemical pesticides; (3) the energy used to manufacture, 

repair and maintenance of equipment and agricultural 

machinery; (4) Energy in seeds, as well as the need for 

winnowing energy, packaging, and storage (Rathke et al., 

2007).  

Firstly, energy consumed in each field based on Mega 

Joule per hectare (MJ/ha) was calculated as follows.  

In order to calculate the fuel energy, the working time 

of machine was recorded separately at the beginning of any 

operation from start to end of the production process. Then, 

fuel consumption was calculated by the following equation 

(1) according to the past experiences of machinery drivers. 

𝐹𝑇=𝑡∗𝐹𝐻                                                                                      (1) 

FT: fuel needed to perform the field operation (L ha-1); t: 

working time of the machine; FH: fuel needed to perform 

the field operation (L h-1). 

Energy conversion ratios were used to calculate the fuel 

amounts to the consumed energy (Table 1). 

Energy for agricultural machinery and equipment was 

calculated as mentioned above:  

𝐸𝑀=(𝐸×𝑊𝐿𝑡)𝑡                                                                              (2) 

EM: machinery and equipment energy for farming 

operations (MJ ha-1); E: Energy for manufacturing, repair, 

maintenance, and transportation of machinery and 

equipment (MJ kg-1); W: machinery and equipment weight 

(kg); Lt: the useful lifetime for machinery and equipment 

(hours); t: time needed for operation (h ha-1); E: constant 

value and equal to 142.7 MJ kg-1 (Table 1) (Kaltsas et al., 

2007). 

In order to assess the energy consumption for chemical 

pesticide application, the percentage of active ingredients 

was identified in each pesticide (Table 2). Also, specific 

gravity was determined for liquid pesticides. Then, used net 

weight values were calculated by multiplying the specific 

gravity in the percentage of the active ingredient. 

Afterwards, the total energy consumed for each of the 

pesticide was calculated based on the amount of energy 

used for the production of each pesticide (Table 1). 

Formulating the pesticides also requires energy, which 

added 20 MJ kg-1 to energy consumption. Pesticides 

transportation to their consumption place requires energy 

that is not considerable (Clements et al., 1995). 

To calculate the fertilizer energy consumption, fertilizer 

types and amounts were recorded. Then, the main 

ingredient of fertilizers was determined based on nitrogen 

(N), phosphorus (P2O5) and potassium (K2O) in each 

fertilizer (Table 3). Total energy consumption was 

calculated by multiplying the amount of consumed energy 

in the main substance (Table 1). 

In order to calculate the energy consumption for seed, 

seed amount (kg) per hectare was determined. In the next 

stage, the energy per one kilogram of seed was determined 

(Table 1). The energy consumption for seed was calculated 

by multiplying two parameters in each field. 

The energy output was assessed by multiplying the 

harvested seed by its energy equivalents (Table 1). Based 

on the total energy equivalents of the inputs and output, 

energy use efficiency, energy productivity, specific energy, 

and net energy were calculated using the following 

equations (4-7) (Kazemi et al., 2015b): 

Energy use efficiency=Output energy (MJ/ha)/Input 

energy (MJ/ha)                                                                 (3) 

Energy use productivity (kg/MJ)=Seed yield 

(kg/ha)/Input energy (MJ/ha)                                           (4) 

Specific energy (MJ/kg)=Input energy (MJ/ha)/Seed 

yield (kg/ha)                                                                       (5) 

Net energy (MJ/ha)=Output energy (MJ/ha)−Input 

energy (MJ/ha)                                                                 (6) 

GHG emissions can be calculated and represented per 

unit of the land used in crop production, per unit weight of 

the produced seed, and unit of the energy input or output. 

Firstly, the energy amount of each fuel source used in the 

manufacture and transportation of production inputs 

including seed, machinery, fertilizer, and pesticide, and 

fuel consumption in production operations was obtained 

using proportions. Then, using CO2, N2O, and CH4 gas 

emission factors including 1, 310, and 21 kg CO2, the total 

GHG emission was calculated equivalent to CO2 (Soltani 

et al., 2013). 

For these calculations, it was assumed that the 

electricity in Iran is generated by sources in the following 

proportions: 0.18% from coal, 16.6% from oil, 80.8% from 

natural gas, 2.3% from water generators, and 0.09% from 

wind generators (IEA, 2009). GHG emissions were 

determined per one hectare, one tone of crop produced, and 

one MJ of total input and output energy (Soltani et al., 

2013). 
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3. Results of discussion   

3.1. Wheat   

The results indicated that the filed areas under wheat 

cultivation varied from 1 to 22 hectares, 85 percent was less 

than 10 hectares. Wheat planting typically took place from 

30th November to 10th December. For the initial seedbed, 

90 percent of farmers used a single plowing, while 10 

percent used double plowing. The number of secondary 

tillage operations recorded between 1 to 3 times. The most 

common planting tool was the row seed drill. The average 

amount of seed used for planting was 200 kg ha-1 depending 

on the seed quality, planting date, and type of planting 

equipment. Overall, farmers applied fertilizer 3 times (in 

the form of base and top-dressing). Most farmers used urea 

fertilizer as a base fertilizer (Table 3). Top-dressing was 

mainly applied during tillering, stem elongation, and 

flowering, depending on the plant's demand. A total of 3 

types of pesticides were used. The pesticides used included 

Topik, Granstar, Tilt, and Diazinon. A boom sprayer was 

primarily used for weed control, while a tractor-mounted 

sprayer was used for pest and disease management. Wheat 

harvesting took place from mid to late June. The harvest 

date depended on the crop maturity, seed moisture content, 

weather conditions, and availability of the combine 

harvester. On average, wheat grain and straw yields were 

recorded at 3500 and 4000 kg ha-1, respectively. 

 
Table 1. Energy equivalents for inputs and outputs in wheat, canola and sunflower production. 

References   Unit Inputs 

(Pimental and Pimental, 2008) 15.7 kg Wheat grain  
(Mousavi-Avval et al., 2011) 25 kg seed Canola 

(Sheikh and Houshyar, 2009) 28.5 kg Sunflower 

(Turhan et al., 2008) 1.96 h  Human labor 
(Kaltsas et al., 2007) 142.7 kg Machinery 

(Akcaoz et al., 2009) 60.6 kg N 

(Akcaoz et al., 2009) 11.1 kg  P2O5 

(Akcaoz et al., 2009) 6.7 kg  K2O 

(Hydrocarbon balance sheet of Iran, 2006) 38 l Fossil fuel 

(Tzilivakis et al., 2005) 287 kg i.e Herbicides 

(Strapatsa et al., 2006) 99 kg i.e Fungicide 

(Tzilivakis et al., 2005) 237 kg i.e Insecticides 

   Outputs 

(Singh et al., 2007) 14.7 kg  Wheat grain 

(Singh et al., 2007) 6.9 kg  Wheat straw 

(Mousavi-Avval et al., 2011) 25 kg Canola seed 

(Sheikh and Houshyar, 2009) 28.5 kg Sunflower seed 

 
Table 2. Specific weight and percentage of effective substance of different pesticides used in crop production. 

Effective ingredient (%) Specific weight Chemical name Chemical types  

75 - Granstar herbicides 

35 1.6 Topik  

48 2.5 Terflan  

67.5 1.22 2,4,D  

25 0.99 Tilt Fungicides  
60 1.3 Alto100  

52 1 Rural  

60 1.18 Diazinon Insecticides 
80 1.40 Larvin  

57 1.23 Malation  

40 1.24 Cypermethrin  
1.15 1 Select super  

 
Table 3. The percentage of main elements in different fertilizers used 

Chemical ingredient Fertilizer types  

P2O5(46%), Nitrogen (18%) Diammonium phosphate 

P2O5(46%) Triple superphosphate 

P2O5(8%), Nitrogen (15%), Potassium (15%) Macro  

Potassium (48%) Sulfate of potassium 
Nitrogen (46%) Urea  

 

3.2. Canola   

In canola cultivation, the field areas varied from 0.5 to 

5 hectares, 80 percent was less than 5 hectares. The most 

common crop grown before canola was soybean. The 

planting date typically extended from mid-November to 

mid-December. All farmers used a single plowing for the 

initial seedbed preparation. The number of secondary 

tillage operations was recorded as 1 to 3 times. The seed 

amount used by farmers recorded 4 kg ha-1. Overall, 

farmers applied fertilizer to canola fields 2.95 times (in 

both base and top-dressing). In most canola-cultivated 

fields, urea fertilizer was used as the base fertilizer. The 

average top-dressing was recorded as approximately 2 

times per field in rosette and seed filling stages. The 

pesticides used included the herbicides Cypermethrin and 

Select Super, as well as the fungicide Rural. A boom 

sprayer was mainly used for weed control, while a tractor-

mounted sprayer was used for disease management. The 

canola harvest took place from early to late June. On 

average, 2000 kg was harvested per hectare. 
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3.3. Sunflower   

According to the findings, the field areas cultivated 

under sunflowers was recorded as 2-12 hectares, 90 percent 

of fields was less than 10 hectares. The most common crops 

grown before sunflowers were wheat and barley, which 

accounted for 80 percent of the fields. The final harvest of 

wheat and barley was completed by the end of June. 

Sunflower planting generally began in early July and 

completed by July 10. Only one plowing was performed to 

initial seedbed preparation. The number of secondary 

tillage operations for sunflower cultivation was 1-3 times. 

The most common planting method for sunflowers was 

hand broadcasting. The amount of seed used was 7-8 kg ha-

1. The Hyson cultivar was the only variety used for 

sunflower cultivation. Overall, farmers applied fertilizer to 

their sunflower fields twice (as a base and top-dressing). 

Most farmers used urea fertilizer as the base fertilizer. The 

top-dressing was mainly applied once, during the 4-5 leaf 

stage, depending on the plant's needs. Two types of 

herbicides were recorded, including Select Super and 

Terflan. A tractor-mounted sprayer was used for weed 

control before planting, and a boom sprayer was used after 

germination. Sunflower harvesting took place in late 

September. On average, 1500 kg ha-1 sunflower seeds were 

harvested. 

3.4. Energy Consumption and greenhouse gas emissions 

from inputs 

Tables 4, 5, and 6 indicate the amount of input 

consumption, energy consumption, and greenhouse gas 

emissions resulting from the use of inputs in one hectare of 

wheat, canola, and sunflower fields. In wheat production, 

the energy consumed from chemical fertilizers, fossil fuels, 

seed usage, machinery, pesticide consumption, and human 

labor were ranked from the highest to lowest energy 

consumption, with fossil fuel and chemical fertilizer 

consumption accounting for a total of 76 percent of the 

overall energy consumption. Consequently, the highest 

level of greenhouse gas emissions was attributed to the 

chemical fertilizers and fossil fuels consumption, followed 

by the machinery application and chemical pesticides. 

Energy consumption in the rain-fed wheat production in 

China indicated that 56, 22, 14, 4, and 4 percent of total 

energy consumption was related to the chemical fertilizer 

consumption, chemical pesticides, seeds for planting, 

machinery application, and human labor utilization, 

respectively (Wang et al., 2019). The present results 

showed that the energy derived from chemical fertilizers, 

fossil fuel consumption, machinery application, pesticide 

use, and human labor were ranked from the highest to 

lowest in canola production (Table 5). As a result, the 

chemical fertilizers consumption, fossil fuels, machinery 

application, and pesticide also corresponded to the highest 

to lowest levels of greenhouse gas emissions. In sunflower 

production, the highest energy consumption was attributed 

to fossil fuel and chemical fertilizer use, while machinery 

application, pesticide consumption, and human labor were 

evaluated in the subsequent ranks. Azizanpah et al (2023) 

reported that the electricity consumption, fossil fuels, and 

nitrogen fertilizers were the main sources of carbon dioxide 

emissions in sunflower production in Ilam, Iran. 

The energy derived from wheat seeds accounted for 

19.25% of total energy consumption (Table 4). Therefore, 

it is essential to avoid unnecessary use of wheat seeds for 

planting as much as possible. A study conducted in Gorgan 

reported that the combinate seeder in wheat planting was 

associated with lower seed consumption, while the use of a 

centrifugal seed broadcasting was linked to higher seed 

consumption. Ultimately, they stated that by using new 

equipment such as combinate seeder, it is possible to save 

on seed and input energy consumption as well as 

unnecessary costs in crop production (Rezvantalab et al., 

2015). The share of seed energy in canola and sunflower 

cultivation constituted 0.61% and 1.22% of the total 

energy, respectively, which is very minimal (Table 5). 

Mousavi Avval et al., (2011) also assessed the share of 

seeds used in sunflower production by 2.4%. 

By examining the findings in the section on energy 

consumption resulting from chemical fertilizers in wheat 

production, it can be stated that the energy consumed 

averaged 6624.6 MJ ha-1, with nitrogen-containing 

fertilizers accounting for 24.89 percent. Additionally, the 

energy consumption from phosphorus and potassium-

containing fertilizers was 17.8 and 57.2 percent, 

respectively (Table 5). It is worth mentioning that nitrogen 

fertilizers were used in all fields, while phosphorus and 

potassium fertilizers were used in 93 and 50 percent of the 

fields, respectively. The studies showed that the organic 

fertilizers were not used in any of the wheat-cultivated 

fields. The chemical fertilizers application resulted 510.35 

kg eq-CO2 ha-1 greenhouse gas emissions in each wheat-

cultivated farms, with the highest emission levels 

associated with the use of nitrogen-containing fertilizers, 

similar to the energy consumption patterns. Other chemical 

fertilizers had a lesser role in greenhouse gas emissions 

(Table 6). Since the share of energy consumption and 

greenhouse gas emissions is high by nitrogen fertilizers 

consumption, it can be said that reducing the nitrogen-

containing fertilizer consumption in each wheat-cultivated 

field will have a very significant impact on reducing energy 

consumption and greenhouse gas emissions. In canola 

cultivation, 49.56 percent of total energy consumption was 

attributed to the use of chemical fertilizers, with nitrogen 

fertilizer consumption estimated 83.38 percent. 

Phosphorus and potassium-containing fertilizers accounted 

for 10 and 6.24 percent of energy consumption, 

respectively (Table 5).  

In canola cultivation, the application of chemical 

fertilizers resulted 15.398 kg eq-CO2 ha-1 greenhouse gas 

emissions, was the highest by use of nitrogen-based 

fertilizers. Table 6 illustrate that other chemical fertilizers 

had a significantly lower role in greenhouse gas emissions 

compared to the nitrogen-based fertilizers application. 

Accordingly, nitrogen-based fertilizers application was a 

key factor in energy consumption and greenhouse gas 

emissions. Therefore, reducing the use of nitrogen 

fertilizers, a significant role can be played in decreasing 

energy consumption and greenhouse gas emissions in 

canola production.  
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In sunflower production, 29.5 percent of input energy 

was allocated to chemical fertilizers, especially nitrogen-

based fertilizers, with the shares of nitrogen, phosphorus, 

and potassium-based chemical fertilizers evaluated 82, 

11.22, and 7 percent, respectively (Table 5). Also, organic 

fertilizers were not used in sunflower production fields. As 

observed in the sunflower production, chemical fertilizers 

led to 17.274 kg eq-CO2 ha-1 greenhouse gas emissions, 

was the most closely associated with the nitrogen-based 

fertilizers application. Other chemical fertilizers also had a 

minor role in greenhouse gas emissions (Table 5 and 6). In 

the sunflower production, the share of fossil fuel in input 

energy consumption and greenhouse gas emissions was 

determined to be 51.87 and 47.73 percent, respectively. 

Therefore, the fossil fuel and the greenhouse gas emitted in 

the sunflower production were higher compared to other 

inputs, including nitrogen chemical fertilizers (Tables 5 

and 6).  

In New Zealand, Safa and Samarasinghe (2012) 

estimated that the greenhouse gas emissions from the 

chemical fertilizers consumption in wheat production 

amounted to 52 percent, equivalent to 539 kg eq-CO2 ha-1, 

with 48 percent attributed to nitrogen-based fertilizers. 

Omidmehr (2018) calculated the energy consumed for 

nitrogen fertilizer in sunflower production as 4960 Mj ha-1, 

which accounted for 47 percent of the total energy 

consumption. Jankowski et al (2015) assessed the share of 

energy consumption from chemical fertilizers was 80 

percent of input energy in canola production. The intensity 

of nutrient input (N mainly) and intensity of all the inputs 

during the vegetation period play a role in the overall 

environmental impact (Bernas et al., 2023).  

Various methods have been proposed to reduce energy 

consumption and greenhouse gas emissions originating 

from chemical fertilizers, particularly nitrogen-based 

fertilizers in agricultural production such as the proper 

implementation of crop rotation, attention to the production 

methods of chemical fertilizers that have higher fuel and 

energy efficiency, improving the application methods of 

chemical fertilizers—especially nitrogen fertilizers—such 

as multi-stage application and timing that aligns with the 

crop growth, and producing chemical fertilizers that have 

higher absorption efficiency and are non-leachable. 

Additionally, the use of nitrification inhibitors and urease 

inhibitors, better irrigation management conducted at 

appropriate times alongside the application of chemical 

fertilizers, soil sampling before planting to accurately 

determine the nutrient requirement of plants, and the 

selection and breeding of plants with lower nutrient 

requirements (Safa and Samarasinghe, 2012; Pimental and 

Pimental, 2008; Nemecek et al., 2008; Ahmadi and 

Aghajani, 2012). 

According to Table 5, the energy required to control 

weeds, insects, and fungi with chemical pesticides was 

164.31, 167.59 and 24.51 Mj ha-1 respectively. In total, 

356.60 Mj ha-1 energy was consumed to control pests, 

diseases, and weeds during wheat production. In the wheat-

producing fields that consumed the most energy with 

chemical pesticides, several fungicides were often used.  

In the production of canola, 233.43 MJ ha-1 energy were 

consumed due to the use of chemical pesticides, with the 

share of insecticides being zero percent. Additionally, the 

greenhouse gas emissions from each hectare of canola were 

reported 37.61 kg eq-CO2 ha-1. In sunflower production, 

where only herbicides and insecticides were used, 456.65 

Mj ha-1 energy were consumed, and greenhouse gas 

emissions amounted to 73.57 kg eq-CO2 ha-1. Therefore, 

the energy consumption and greenhouse gas emissions 

originating from chemical pesticides in sunflower 

production were estimated the highest, while in canola 

were the lowest (Table 6). Omidmehr (2018) also reported 

the amount in the Miyai County for sunflower production 

as 199 MJ ha-1. Among the methods, the application of 

natural methods for controlling pests and plant diseases can 

be noted to reduce the use of chemical pesticides. These 

methods include increasing the resistance genes of crops to 

pests, diseases, and weeds, strengthening their natural 

enemies, properly implementing crop rotation, practicing 

conservation tillage, and producing forage plants and 

planting trees in fields (Pimental and Pimental, 2008; Safa 

et al., 2011). 

Fossil fuel consumption was 140.46, 100.00, and 

158.00 l ha-1 in wheat, canola, and sunflower production, 

respectively (Table 4). In various studies, fuel consumption 

in wheat production was evaluated 92, 126, 93, 125, and 65 

l ha-1 (Soltani et al., 2013; Taghavifar and Mardani, 2015; 

Wang et al., 2019; Safa et al., 2011; Safa and 

Samarasinghe, 2012). Safa and Samarasinghe (2012) 

reported the greenhouse gas emissions from fuel in wheat 

production as 203 kg eq-CO2 ha-1, while Mohammadi et al. 

(2014) reported 2.455 kg eq-CO2 ha-1. In wheat, canola, and 

sunflower productions 5367, 3804, and 6004 MJ ha-1 

energy from fossil fuel were consumed, respectively (Table 

5). Consequently, 33.73%, 32.85%, and 43.70% of 

greenhouse gas emissions were attributed to fossil fuel 

consumption (Table 5, 6). According to the results, the 

share of machinery uses in wheat, canola, and sunflower 

productions were estimated 7.06%, 7.46%, and 9.69% of 

the total input energy, respectively (Table 5). Also, 17.90, 

18.20, and 32.08 labor hours were required in wheat, 

canola, and sunflower production, respectively (Table 4), 

and the share of energy consumption was 44.37%, 210.3%, 

and 351% of the total input energy, respectively (Table 5). 

Therefore, based on the findings presented, the use of 

appropriate amounts of fossil fuels and chemical fertilizers, 

especially nitrogen-based fertilizers to reduce energy 

consumption and greenhouse gas emissions in wheat 

production, seems essential because 71 percent of energy 

consumption and 66 percent of greenhouse gas emissions 

were attributed to the use of nitrogen fertilizers and fossil 

fuels. A study suggested reducing the consumption of 

nitrogen fertilizers and fossil fuels for cleaner wheat 

production in terms of energy consumption and greenhouse 

gas emissions in Golestan Province (Soltani et al., 2013). 

In canola production, optimal use of chemical fertilizers 

and fossil fuels can significantly save energy consumption 

and prevent the excessive greenhouse gas emissions. 

Additionally, in  sunflower  production, 30.00  percent and 
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52.04 percent of energy consumption and greenhouse gas 

emissions, respectively, were due to the use of chemical 

fertilizers and fossil fuels. By optimizing the use of 

chemical fertilizers, especially nitrogen fertilizers, and 

fossil fuels, particularly in land preparation and harvesting, 

energy consumption and greenhouse gas emissions can be 

significantly reduced. 

In evaluation under Pannonian climate conditions 

reported that the energy efficiency indicator NEO, which 

shows the area-based energy gain, was estimated highest 

with 160.2 kg N ha-1 , which is from the point of soil N 

accumulation and potential N emission (N2O into the 

atmosphere and NO3-N leaching into the aquifer) not 

sustainable for this pedo-climatic region. From the 

ecological point of view, zero N fertilization showed the 

best indicators energy use efficiency, energy input, and 

energy productivity (Moitzi et al., 2024).  

 
Table 4. Amounts of input consumption in wheat, canola and sunflower production in Minodasht. 

Sunflower Canola Wheat Unit (per hectare) Inputs 

46 69 92 kg N 
34.5 46 46 kg P2O5 

36 48 24 kg K2O 

0.78 0.63 0.58 kg Herbicides 

- 0.52 0.25 kg Fungicides 

0.70 - 0.71 kg  Insecticides 

8 4 200 kg  Seed 

26.5 19.05 26.8 h  Machinery 

158 100 140.46 l Fossil fuel 

32.08 15.2 17.9 h Human labor 
1500 2000 3500 kg Crop yield 

 
Table 5. Amounts of energy consumption (MJ ha-1) in wheat, canola and sunflower production in Minodasht. 

Sunflower Canola Wheat Energy consumption 

2788 4181 5575 N 

383 511 510.6 P2O5 

241 322 161 K2O 
3411.75 5014 6246.6 Total energy of fertilize 

255.43 181.96 164.31 Herbicides 

- 51.48 24.51 Fungicides 

201.22 - 167.59  Insecticides 

456.65 233.43 356.60 Pesticides 

228 100 3140  Seed 

1122 755.31 1152  Machinery 

6004 3804 5367 Fossil fuel 

351 29.79 35.08 Human labor 
11573 10115 16307 Input energy 

42750 50000 79050 Output energy 

 
Table 6. Amounts of greenhouse gas emissions (kg eq-CO2 ha-1) in wheat, canola and sunflower production in Minodasht. 

Sunflower Canola Wheat Inputs 

223.32 329.85 446.32 N 

31.41 41.9 41.9 P2O5 

19.76 26.4 13.2 K2O 
274.17 398.15 501.38 Total energy of fertilize 

41.51 29.31 26.42 Herbicides 

- 8.30 3.95 Fungicides 

32.42 - 26.99  Insecticides 

73.57 37.61 57.36 Pesticides 

254.81 171.53 261.62  Machinery 

468.32 296.72 418.62 Fossil fuel 

1070.87 904.01 1238.98 Total Greenhouse gasses emission  

 

3.5. Energy indices   

The energy consumed in wheat production was 

recorded as 16307 MJ ha-1, with direct and indirect energy 

shares evaluated 68% and 32%, respectively (Table 7). In 

the present study, the use of nitrogen-based fertilizers and 

fossil fuels accounted for 70% of the total energy 

consumption in wheat production; therefore, reducing 

energy consumption in these two parameters would 

significantly decrease overall energy use. In Golestan 

Province, the total input energy consumed in wheat 

production was assessed 15411 MJ ha-1, with direct and 

indirect energy shares reported 65% and 35%, respectively. 

In a study conducted on wheat production in northern 

Khuzestan Province, the total energy consumed was 

reported as 16500 MJ ha-1, with chemical fertilizers, fossil 

fuels, and seeds accounting for 60%, 25%, and 15% of 

energy consumption, respectively. It is noteworthy that in 

the aforementioned study, the share of energy from 

nitrogen-based fertilizers constituted 95% of the total 

energy consumed from fertilizer application (Kiani and 

Houshyar, 2012). In canola production, 10115 MJ ha-1 

energy were utilized, with direct and indirect energy shares 

reported at 60% and 40%, respectively (Table 7). 

Additionally, the results showed that the largest portions of 

direct and indirect energy were due to the consumption of 
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fossil fuels and nitrogen-based fertilizers, respectively 

(Table 7).  

Therefore, the entry of excess energy was significantly 

prevented by optimizing the use of fossil fuels. The 

findings indicated that the total energy input consumed for 

the sunflower production was evaluated at 11573 MJ ha-1, 

with direct and indirect energy contributions accounting for 

55% and 45%, respectively. Additionally, based on the 

results, the consumption of fossil fuels and nitrogen-based 

fertilizers had the highest shares of direct and indirect 

energy, respectively (Table 7).   

The energy output was estimated 79050 MJ ha-1, in 

wheat production. Rezvantalab et al. (2015) reported an 

output energy was 50200 MJ ha-1 in wheat production in 

Golestan Province. The findings showed that the output 

energy for canola and sunflower production were 50000 

and 42,750 MJ ha-1, respectively. The energy output to 

input for wheat, canola, and sunflower production were 

evaluated 4.84, 4.94, and 3.69, respectively (Table 7). It can 

be said that the lower seed yield in sunflower compared to 

the two crops of wheat and canola, along with the higher 

consumption of fossil fuels in sunflower production, has 

led to a decrease in energy output and an increase in energy 

input, ultimately resulting in a reduced ratio of energy 

output to input in sunflower production. 

In a study conducted in Iran, the energy efficiency in 

the production of irrigated and rain-fed wheat was 

estimated 1.32 and 1.20, respectively, from 1999 to 2006 

(Beheshti Tabar et al., 2010). They also reported energy 

efficiency for some crops in Iran for irrigated products such 

as wheat (1.32), barley (1.22), potatoes (0.85), corn (1.81), 

onions (0.86), sugar beets (1.77), lentils (0.70), chickpeas 

(0.73), watermelons (0.93), soybeans (1.78), cucumbers 

(0.38), tomatoes (0.47), and cotton (0.49).  

According to the results presented in Table 7, the net 

energy in wheat production compared to canola and 

sunflower productions was 2.63 and 4.9, respectively. This 

indicated that a higher total output energy led to an increase 

in the net energy received compared to wheat and canola. 

Zenter et al (2004) also reported the net energy received for 

wheat cultivation between 32 to 40 MJ ha-1, specifically for 

the seed production. Higher energy output and lower 

energy input in crop production systems increased net 

energy gain (Bhunia et al., 2021). In wheat, canola, and 

sunflower production 0.21, 0.19, and 0.13 kilograms were 

produced per each mega joule of energy consumed per 

hectare, respectively (Table 7).  

The increased use of nitrogen-based fertilizers and 

fossil fuels will be a significant factor in reducing the 

productivity. Since specific energy has an inverse 

relationship with energy efficiency, it can be said that by 

increasing yield and reducing energy consumption in the 

use of chemical fertilizers and fossil fuels for agricultural 

operations, energy consumption per kilogram of product 

can be reduced. Soltani et al. (2013) reported an average 

energy efficiency as 0.27 in six scenarios evaluated for 

wheat production in Gorgan. The results showed that 

higher yields and lower energy inputs led to increased 

energy efficiency and reduced specific energy. 

Additionally, Rezvantalab et al. (2015) found that the using 

more efficient machinery can reduce the duration of 

machinery use and ultimately fuel consumption, which can 

increase energy efficiency and the energy output/input ratio 

per hectare, thereby reducing energy consumption per 

kilogram of grain.  

They also stated that using cultivars with higher yield 

potential and better agricultural management in the wheat 

and soybean productions, which leads to increased yields, 

can also enhance energy efficiency and the energy 

output/input ratio.  

3.6. GWP indices   

As the results, the total greenhouse gas emissions in 

wheat, canola, and sunflower production were 1238, 904, 

and 1070 kg eq-CO2 ha-1, respectively (Table 8). GWP per 

kilogram of product decreased by increasing the crop yield. 

Therefore, higher grain yields in wheat production resulted 

the lower greenhouse gas emissions per kilogram of 

product compared to canola and sunflower production 

(Table 8). The calculated GWP per one mega joule of 

energy input used in wheat production was higher than the 

other two crops due to the higher energy consumption for 

producing the wheat compared to canola and sunflower 

(Table 8). Additionally, the GWP per unit of energy output 

was also assessed to be greater, because higher energy 

output in wheat production compared to canola and 

sunflower production (Table 8). In Golestan Province, 160 

g eq-CO2 were emitted into the atmosphere in one kilogram 

of wheat produced. Furthermore, for each mega joule of 

energy consumed directly or indirectly in wheat 

production, 80 g eq-CO2 equivalent were released, resulting 

in 14 g MJ-1 of energy output (Rezvantalab et al., 2015). 

Ultimately, it can be said that paying attention to the 

optimal use of nitrogen fertilizers and fossil fuels can play 

a significant role in reducing greenhouse gases emissions. 

As previously mentioned, using high-horsepower tractors 

and equipment with greater working width and penetration 

depth can lead to energy savings and consequently reduce 

greenhouse gas emissions. 

 

Table 7. Energy indices in wheat, canola and sunflower production in Minoodasht. 

Sunflower Canola Wheat Energy indices 

6355 4014 5411 Direct energy 

5218 6101 10869 Indirect energy 

11573 10115 16307 Total input energy 

42750 50000 79050 Total output energy 

3.69 4.94 4.84 Output energy/input energy 

31177 39885 62743 Net energy 

0.13 0.19 0.21  Energy productivity 

7.69 5.26 4.76 Specific energy 
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Table 8. Energy indices in wheat, canola and sunflower production in Minoodasht. 

Sunflower Canola Wheat GWP indices 

1070 904 1238 GWP per hectare 

0.71 0.45 0.35 GWP per crop yield 

0.092 0.089 0.076 GWP per input energy 
0.025 0.018 0.016 GWP per output energy 

4. Conclusion   
The results showed that wheat production requires less 

energy compared to canola and sunflower, and 

consequently, fewer greenhouse gas will be emitted into the 

atmosphere. The land preparation operations for wheat and 

canola cultivation, as well as the harvesting of sunflower, 

had the highest energy requirements and greenhouse gas 

emissions. For each hectare of wheat, canola, and 

sunflower produced, 76, 89, and 92 g greenhouse gases 

were emitted per mega joule of energy consumed, 

respectively, while the estimated emissions for energy 

output were 16, 18, and 25 g, respectively. Finally, total 

energy input in wheat production was more than in canola 

and sunflower productions. But energy use efficiency in 

wheat and canola productions were more than in sunflower 

production. Ultimately, it can be stated that the use of 

chemical fertilizers, particularly nitrogen-based fertilizers, 

as well as fossil fuels, accounted for the majority of energy 

consumption and greenhouse gases emissions. If the 

consumption of these inputs is optimized, there will be a 

significant reduction in energy consumption and 

greenhouse gases emissions for wheat, canola, and 

sunflower production.  
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ARTICLE INFO  ABSTRACT 

Article history:  This study aimed to identify the most sustainable production system for Mazafati 

and Rabbi date palm cultivars in Mirjaveh County, Iran, during 2022-2023.  Data 

pertaining to cultivated area, date palm production and yield, export volume, as 

well as the environmental and economic inputs necessary for production, were 

gathered through documentary and survey methods. These data were then analysed 

for the two study systems. The input elements were subsequently transformed into 

emergy equivalents, sej. The data collected indicates that the total emergy needed 

to sustain the Mazafati and Rabbi date palm production systems was 3.33E+16 and 

2.92E+16 sej/ha/yr, respectively. The majority of inputs for both the Mazafati and 

Rabbi date palm production systems came from purchased sources, making up 

92.69% and 71.68% of the total inputs, respectively. The findings suggest that both 

systems impose substantial environmental burdens as a result of their lack of 

utilisation of renewable resources and heavy dependence on non-renewable inputs. 

Hence, it is imperative and inevitable to decrease the utilisation of these resources 

in both date palm systems. Based on the emegy exchane ratio and emergy to money 

ratio indices, the Mazafati date palm system demonstrated higher values, indicating 

greater economic sustainability compared to the Rabbi system. Conversely, the 

emergy yield ratio was higher for the Rabbi date palm, suggesting that this system 

is more sustainable than Mazafati date palm production in terms of product yield. 

Overall, the Mazafati date palm system demonstrated a slight edge in terms of 

economic, commercial, and ecological sustainability. 
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Highlights   

• Mazafati dates use 3.33E+16 sej/ha/yr, Rabbi 2.92E+16 sej/ha/yr in Mirjaveh, Iran. 

• Purchased inputs dominate: 92.69% for Mazafati, 71.68% for Rabbi dates. 

• Mazafati excels in economic sustainability (EER 4.460) over Rabbi (3.391). 

• Rabbi shows higher yield sustainability (EYR 1.455) than Mazafati (1.430). 

• Both systems strain environment, need less non-renewable input reliance. 

 

1. Introduction* 
Over the past few decades, scientists in the field of 

agriculture have become more focused on clean production 

and environmental protection as the foundation for 

sustainable development. This shift in attention is a result 

of the growing awareness of the environment and the 

demand for  sustainable  agricultural practices (Gheicari et 
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al., 2021; Amiri et al., 2022). Given the circumstances, it is 

crucial to meticulously plan and oversee agricultural 

ecosystems, as sophisticated systems can guarantee both 

sustainable and desirable production (Fallahinejad and 

Armin, 2022). Due to the abstract nature of sustainability, 

it is not feasible to directly measure it. Therefore, simpler 

criteria are needed to assess agricultural and agroecosystem 
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sustainability (Shahhoseini and Kazemi, 2022). 

The impact of energy consumption on various aspects 

such as food security, agricultural sustainability, 

community health, and ecosystem functions and services is 

widely acknowledged (Kazemi et al., 2018; Kohkan et al., 

2017). Indicators based on changes in capital value have 

been developed to assess and compare the sustainability of 

different agricultural systems. Indicators used to evaluate 

the sustainability of agricultural systems should fulfil 

specific criteria, as outlined by Brown and Ulgiati in 1997. 

Initially, it is imperative that they exhibit consistency and 

conformity with one another, while also adhering to 

predetermined objectives for the advancement of 

sustainable agricultural practices. Consistency and absence 

of contradictions are essential for ensuring the reliability of 

the indicators. Furthermore, it is crucial that the indicators 

are precise, effectively capturing the intricacies of 

sustainability in agricultural systems with an adequate level 

of specificity. In order to be practical, data collection for 

these indicators should be quantifiable, indicating that it 

can be easily and economically carried out. Ultimately, in 

order to achieve widespread acceptance, the indicators 

must possess user-friendly characteristics and be 

specifically crafted to facilitate unambiguous 

comprehension by farmers, policymakers, and all pertinent 

stakeholders. The foundation of all these characteristics is 

the necessity for data of superior quality. For the 

sustainability assessment to be valid, the calculations of 

indicators must rely on valuable and reliable input data. 

An assessment of these indicators in various 

agricultural ecosystems allows for the identification and 

quantification of their environmental, economic, and 

sustainability effects. The outcomes of these evaluations 

can provide valuable insights for farmers and local 

decision-makers in determining the most effective 

strategies for optimising resource utilisation and promoting 

sustainable agriculture (Jafari et al., 2018). Emergy 

analysis has become a useful tool for developing 

environmental policies and evaluating resource quality in 

complex environmental and economic systems over the last 

thirty years (Brown and Ulgiati, 1997). 

The numerous emergy measurement indicators offer a 

more comprehensive understanding of the extent of 

resource renewability, the proportion of renewable and 

non-renewable resources, and the impact of environmental 

and market inputs on the overall emergy of a system 

(Odum, 2000). Emergy indicators can be utilised to 

precisely evaluate the capacity, renewability, 

environmental stress, and overall sustainability of a system, 

considering both environmental and economic aspects. 

Emergy analysis is a useful tool for measuring the 

sustainability of various agricultural systems within a 

shared framework. It helps identify the most 

environmentally sustainable system (Asgharipour et al., 

2020). 

Several studies have employed emergy analysis to 

assess the sustainability of various agricultural systems. 

For instance, Asgharipour et al. (2021) evaluated the 

sustainability of four greenhouse vegetable production 

systems (cucumber, tomato, bell pepper, and eggplant) in 

Iran. They found that the cucumber production system was 

the most sustainable, primarily due to its efficient use of 

free environmental energy and lower reliance on non-

renewable inputs. Similarly, Amiri et al. (2021) 

investigated the sustainability of different beef cattle 

production systems in the Sistan region of Iran. Their study 

highlighted the importance of balancing economic and 

environmental factors in agricultural production. They 

concluded that a semi-intensive production system for 

Sistani cattle could provide a sustainable and economically 

viable option for livestock farmers in the region. 

Developing countries prioritise achieving rapid 

economic growth, and exports are crucial in driving this 

growth and promoting economic prosperity (Frankel and 

Romer, 1999). Given the circumstances, it is crucial to 

implement export development strategies, specifically 

focusing on boosting non-oil exports. Agricultural exports 

make a substantial contribution to increasing farmers' 

incomes, alleviating poverty, and improving overall 

livelihood and economic well-being at the national level. 

Iran, being one of the leading exporters of dates worldwide, 

is encountering a notable obstacle in the form of a 

decreasing share of exports to the European Union market, 

which happens to be its most crucial export destination, 

despite its efforts to increase its presence in the global 

market. 

The fluctuation in prices of agricultural products has 

consistently been a significant concern for agricultural 

economists and policymakers. According to Rafiei and 

MirBagheri (2017), a broader range of these fluctuations 

leads to more severe negative outcomes, resulting in 

significant losses primarily for farmers and ultimately for 

society as a whole. While certain economists highlight the 

notable effectiveness of exports, there have been concerns 

raised regarding the potential rise in energy consumption 

and subsequent environmental pollution linked to the 

expansion of exports. Hence, it is imperative to conduct a 

comprehensive empirical analysis of the correlation 

between exports and energy in order to develop suitable 

trade and environmental policies (Sadorsky, 2012). 

Over the next 50 years, agricultural production in 

developing countries is expected to experience significant 

growth. This growth will result in a two- to threefold 

increase in the consumption of nitrogen and phosphorus, a 

doubling of water demand, and a tripling of pesticide use, 

as stated by Tilman et al. in 2001. 

Iran confronts a multitude of environmental challenges, 

such as water scarcity, droughts, population growth, and 

rising demand for food production. Developing a more 

profound comprehension of sustainability among planners 

and policymakers is essential in effectively tackling these 

challenges. Assessing the level of sustainability and 

making informed choices to improve it are crucial for the 

country's long-term development (Nazarian et al., 2020). 

The date palm is a prominent horticultural commodity 

in Iran, consistently ranking between third and sixth place 

in terms of export value in recent years. This product has 

substantial potential to generate foreign exchange for the 

country (Pejman, 2001). Nevertheless, a considerable 

proportion of date palm production and its derivatives in 
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Iran rely on conventional techniques and encounter 

multiple deficiencies throughout the production process 

and palm cultivation operations, resulting in a detrimental 

effect on the ultimate product's quality. In order to fully 

maximise food production capacities, it is crucial to 

effectively oversee the entire production chain, spanning 

from the initial production stages to the final consumption. 

This requires establishing the essential circumstances to 

optimise the country's capacity for food production 

(Alipour and Mahdavi, 2014). 

Due to its favourable climatic conditions, Mirjaveh 

County in Sistan and Baluchestan Province is regarded as 

one of Iran's most suitable regions for date production. This 

region cultivates a wide variety of dates, such as Mazafati, 

Rabbi, Zardān, Piyū, Sang Shekan, Āshey, Shāhān, Helilī, 

and Dezk. Out of these different types, Mazafati and Rabbi 

dates are particularly esteemed for their exceptional 

quality. The provinces of Sistan and Baluchestan, 

specifically the counties of Saravan and Mirjaveh, are 

acknowledged as the primary cultivators of Mazafati dates 

in Iran. Furthermore, this particular region is the exclusive 

cultivator of the distinct Rabbi variety within the nation. 

Mazafati dates are highly sought after in the domestic 

market due to their exceptional quality and flavour.  

They hold a prominent position in the overall 

production of Mazafati dates in the country. Rabbi dates, 

known for their distinct attributes including a chocolatey 

consistency, partial dryness, long shelf life, ability to be 

washed, deep and vibrant colour, elongated form, and small 

seed, are in high demand in international markets. Traders 

predominantly purchase and export the majority of this 

product to foreign countries (Mollazehi, 2013). 

This study utilised an emergy-based methodology to 

accomplish the following aims: (a) Determine the most 

environmentally friendly date palm production system 

between the Mazafati and Rabbi cultivars grown in 

Mirjaveh County, Iran during the period of 2022-2023. The 

assessment of sustainability will involve a comprehensive 

evaluation of both environmental and economic factors. (b) 

Assess the environmental consequences of both systems by 

examining their dependence on renewable resources versus 

non-renewable inputs. (c) Assess the economic feasibility 

of each system using emergy yield ratio (EER) and emergy 

material ratio (EMR). The study aims to provide valuable 

insights for policymakers and date palm producers by 

accomplishing these objectives. The provided data can be 

utilised to advance sustainable methodologies and enhance 

the efficient utilisation of resources in the Iranian date palm 

industry. This will ultimately contribute to ensuring food 

security and improving environmental well-being.  

2. Materials and Methods 

2.1 Study Area 

The objective of this study was to monitor the 

production of date palms in Mirjaveh County, located in 

Sistan and Baluchestan Province, throughout the cropping 

year of 2021-2022. Mirjaveh County is situated in the 

eastern part of Sistan and Baluchestan Province and shares 

a border that spans more than 350 kilometres with Pakistan. 

The county shares borders with Pakistan to the northeast, 

east, and southeast. It also borders Zaranj County to the 

north and west, and Khash County to the south and 

southwest. The county spans across an expansive area of 

more than 6,000 square kilometres and is situated at an 

elevation of 858 metres above sea level.  

Mirjaveh is classified as one of the most arid regions in 

the country, with an average annual precipitation of only 

30 millimetres. The climate in the central region of the 

county is characterised by high temperatures, low 

humidity, and a desert-like environment. Nevertheless, as a 

result of the significant altitude variation of more than 

2,200 metres between the central part and the Ladiz section, 

this particular area experiences a more temperate climate 

and greater precipitation. The heights in the Ladiz section 

are sufficiently covered with snow during winter. 

2.2 Data Collection 

Data on various facets of date palm production in the 

region were gathered to carry out this research. This 

encompassed data regarding the acreage dedicated to 

cultivating date palms, the total output and productivity of 

dates, and the rate of exporting date products. In addition, 

information regarding the environmental and economic 

resources needed for date production was collected. The 

data were gathered through a combination of documentary 

research, analysis of existing records, and survey methods, 

which involved directly obtaining information from 

pertinent sources. 

To ensure the robustness of our findings, we collected 

data from a representative sample of date palm orchards in 

Mirjaveh County. The sample size was determined based 

on statistical considerations and practical constraints. We 

aimed to capture the diversity of production systems and 

environmental conditions within the region. Specifically, 

we sampled 87 Mazafati date palm orchards and [insert 

number] Rabbi date palm orchards. 

Initially, the inputs provided to the agricultural systems 

were transformed into emergy equivalents. Agricultural 

ecosystems can be classified into two distinct categories: 

purchased inputs and free environmental inputs. The 

purchased inputs encompass commodities such as 

electricity, fuel, agricultural machinery, fertilisers, 

pesticides, and other industrial products. On the other hand, 

environmental resources that are not restricted or limited 

are referred to as free environmental inputs. These include 

sunlight, soil, organic matter, wind energy, chemical 

energy, irrigation water potential, and rain. 

Both systems were assessed for capital allocation and 

post-harvest product performance. The fair selling price of 

date palm products was determined using the emergy 

exchange ratio indicator. This method involves converting 

the flows associated with the sale of date palm products and 

the corresponding monetary transactions into emergy units, 

and then calculating their ratio. This ratio denotes the 

emergy transfer that occurs during a transaction or 

purchase. Furthermore, to assess the pros and cons in 

relation to the cost incurred for dates, the emergy of the 

money obtained from date sales was also computed.  
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2.3 Emergy Analysis 

Step 1: Defining the Scope and Drawing Energy 

Diagrams 

To begin the process of emergy analysis, it is necessary 

to establish the specific time and spatial limits for both 

systems being studied. Additionally, energy diagrams 

should be created to classify the inputs of the systems being 

assessed into categories such as renewable or non-

renewable, environmental or imported sources (Odum, 

2000). Energy diagrams are crucial for managing the 

connections between important system components and 

productive processes. They illustrate the environmental 

foundations of the system and the relationships between 

them.  

Figure 1 displays the cumulative emergy flow diagram 

for the Rabbi and Mazafati date palm production systems. 

Agricultural systems derive inputs from two primary 

sources: environmental inputs and purchased inputs. The 

diagrams depict the extent of the production system, with 

environmental inputs on the left, purchased inputs at the 

top, and the beneficial output of the production systems on 

the right.  

Step 2: Classifying Inputs  

When analysing production systems, inputs are 

categorised into four distinct categories according to Lu et 

al. (2010). 

Renewable environmental resources (R) encompass 

natural elements such as sunlight, wind, rain, and river 

water. 

Non-renewable environmental resources (N) refer to 

resources that are not capable of being replenished, such as 

those related to soil erosion and the processes involved in 

soil formation and ground water. 

Purchased renewable resources (FR): encompassing 

seeds, and organic fertilisers procured externally to the 

system. 

Purchased non-renewable resources (FN): such as 

fertilisers, pesticides, machinery, etc. 

The machinery's emergy consumption was determined 

by considering the quantity of steel employed, the 

machines' ideal lifespan, and the annual working hours 

(Asgharipour et al., 2019). The emergy of the consumed 

saplings was calculated using the emergy coefficient per 

unit of currency, as described by Jafari et al. (2018). The 

raw data was calculated in joules, grammes, or rials after 

estimating the input (U) and output (Y) flows for each 

production system, following the emergy standards in Iran 

(Amiri et al., 2019; Asgharipour et al., 2020). 

Various emergy indices are used for emergy analysis, 

which is aimed at conducting environmental and economic 

assessments (Lu et al., 2010).  

This study utilised various indices to assess different 

aspects of the system. These indices included the 

transformity (Tr), specific emergy (Se), percentage of 

emergy renewability (%R), emergy yield ratio (EYR), 

emergy investment ratio (EIR), environmental load ratio 

(ELR) and its modified version (ELR*), environmental 

sustainability index (ESI) and its modified version (ESI*), 

emergy exchange ratio (EER), emergy index of producti 

safety (EIPS), and the emergy to money ratio (EMR). 

Asgharipour et al. (2020) provided the descriptions and 

formulas for the emergy indices used in this research. 

This study aimed to conduct a detailed analysis of the 

production and services carried out in both the Rabbi and 

Mazafati date palm production systems. To achieve this, all 

input and output values were multiplied by their respective 

conversion factors. This enabled the conversion of various 

units into a standardised unit, simplifying the computation 

of emergy ratios and indices. 

Emergy indices serve as efficient tools for assessing the 

pressure and harm imposed on different systems. 

Furthermore, these indices have the ability to offer a 

thorough depiction of the functional attributes of the 

production system in terms of utilisation and sustainability 

(Campbell et al., 2005). 

Choosing suitable indices for ecosystem evaluation is 

crucial. The chosen indices in this study are considered the 

most dependable indicators for assessing ecosystems 

(Cheng et al., 2017). 

 

 
Figure 1. Emergy flow diagram of Mozafati and Rabi date production systems in Mirjaveh city 

file:///C:/Users/Esmaeel/Desktop/new%20jelsa/Desktop/5.docx%23Jafari
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Table 1 displays the formulas and calculation methods 

of the emergy indices utilised for assessing the 

performance of research systems. By utilising these 

indices, it is possible to make a more precise comparison 

and analysis of the performance of the two production 

systems for Rabbi and Mazafati date palms.  
 

Table 1. Specifications and formulas of the emergy-based indicators used to evaluate Mozafati and Rabbi date production systems in 

Mirjaveh city (Asgharipour et al., 2020) 

Reference Specifications Formula Index 

By definition Renewable environmental flows R 
Renewable inputs from free local 

resources 

By definition Non-renewable environmental flows N 
Non-renewable environmental 

inputs 

By definition Renewable flows from purchased resources FR Renewable purchased inputs 
By definition Non-renewable purchased flows FN Non-renewable purchased inputs 

(Brown and 

Ulgiati, 2004) 

Amount of emergy required to produce an output unit in 

joules. AE is the energy content. 
Tr = U / AE Transformity 

(Brown and 

(Ulgiati, 2004) 

Amount of emergy required to produce an output unit in 

grams. AE is the energy content. 
SE = U / PW Special Emargy 

(Odum, 2000) Percentage of the renewable energy used by the system %R = R+FR / U×100 Renewable emergy ratio 

(Odum, 2000) 

Ability of a process to use renewable and nonrenewable 

environmental resources with economic resources as a 

capital 

EYR = U / FN+FR Emergy yield ratio 

(Brown and 

Ulgiati, 2004) 

EIR is the ratio of emergy resources purchased from 

outside to all free environmental emergy in the system. 
EIR = FR+FN/R Emergy investment ratio 

(Amiri et al., 2019) 
The adaptation rate of investment in product production 
is compared with environmental resources received for 

free. 

= FN+FR /R EIR* Modified Emergy Investment Ratio 

(Lu et al., 2017) Environmental pressure produced by a process ELR = N+FN / R+FR Environmental loading ratio 

(Lu et al., 2017) An inverse measure of sustainability ELR* =FN+N / R+FR 
Modified Environmental Loading 

Ratio 

(Lu et al., 2017) 
The dependence of the system output on the 

environment, the greater the value, the stronger the 

sustainability of the system 

ESI = EYR / ELR Emergy Sustainability Index 

(Lu et al., 2017) 
Alternate sustainability index that focuses on the use of 

renewable resources with minimal pressure on the 

environment. 

ELR* ESI* = EYR/ 
Modified Emergy Sustainability 

Index 

(Odum, 1996) 
Economic output (A system yield) traded with money in 

the market (YM) on total emergy input rate (U). 
EER = U/YM Emergy Exchange Ratio 

By definition Emergy investment per dollar of net profit EMR = U/net profit Emergy Money Ratio 

(Xi and Qin, 2009) 
It assesses the effect of chemical fertilizer, pesticide and 

herbicide use on product safety 
EIPS=1 − [C/ (FN + FR)] Emergy index of product safety 

3. Results and Discussion 

3.1 Input Emergy Structure 

Table 2 displays the movement of natural resources and 

purchased inputs within the production systems of Rabbi 

and Mazafati dates. The inputs listed in this table have been 

computed using coefficients associated with solar energy 

over the course of the year. Additionally, the inputs have 

been categorised as either renewable or non-renewable, 

depending on their renewability percentages. Furthermore, 

the total energy of the systems has been converted to solar 

energy (sej).  

The total emergy input for the production systems of 

Mazafati and Rabbi dates in Mirjaveh county were 

3.33E+16 and 2.92E+16 sej/ha/yr respectively (Table 3). 

The Mazafati date production system had a higher total 

emergy consumption compared to the Rabbi date 

production system. This was primarily because the 

Mazafati system used more non-renewable inputs that were 

purchased. 

 As a result, the Mazafati date production system 

consumed a greater amount of emergy compared to the 

Rabbi date production system. The seedlings accounted for 

the highest proportion of emergy in the Mazafati date 

production system, contributing 19.47 percent or 6.49E+15 

sej/ha/yr. Nitrogen fertiliser was the second highest 

contributor, accounting for 14.83 percent or 4.94E+15 

sej/ha/yr. 

The study by Fallahinejad et al. (2021) reported the total 

supportive emergy for wheat production system as 

2.32E+16, for barley as 1.91E+16, for sugar beet as 

4.95E+16 sej/ha/yr. The supportive emergy for the 

production systems of wheat, garlic, and onion was 

2.45E+16, 3.12E+16, and 4.73E+16 sej/ha/yr, respectively. 

As a result, the garlic production systems had an emergy 

consumption that was approximately 90 percent greater 

than the wheat production systems and 50 percent greater 

than the onion production systems (Yasini et al., 2020). 

Amiri et al. (2021) focused on comparing the sustainability 

of various shallot production systems, including a natural 

habitat, a mechanized system, and a conservation system. 

In contrast, our study aimed to compare the sustainability 

of two specific date palm cultivars, Mazafati and Rabbi, 

under different production systems. 

The production systems of Mazafati and Rabbi dates in 

Mirjaveh county have been classified into four categories 

based on the types of inputs they receive: renewable 
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environmental free inputs (R), non-renewable 

environmental free inputs (N), purchased inputs (FR & 

FN). 

3.1.1 Renewable Environmental Inputs (R) 

Renewable environmental resources encompass solar 

energy, wind energy, the chemical energy of precipitation, 

and freshwater from rivers. In the production systems for 

Mazafati dates, the inputs accounted for 0.21 percent of the 

total input energies, while for Rabbi dates, they accounted 

for 0.24 percent (Table 3). The proportion of these inputs 

was greater in the Rabbi date production system in 

comparison to the Mazafati date production system. The 

study conducted by Jafari et al. (2018) determined that in 

Nehbandan county, the renewable environmental inputs for 

date and pistachio production systems were estimated to be 

13.8 percent and 10.4 percent, respectively. The study 

conducted by Moonilall et al. (2020) found no significant 

variation in the quantity of renewable environmental 

resource inputs across different maize cultivation 

production systems. 

 

Table 2. Natural and economic flows of Mozafati and Rabbi production systems in Mirjaveh city 

Rabbi Mazafati Unit 
 

Renewable environmental inputs 

3.6E+13 3.6E+13 J Solar energy 

2.25E+09 2.25E+09 J Wind, kinetic energy 
1.51E+09 1.51E+09 J Rain, chemical 

9.99E+10 1.15E+11 J River water 

Non-renewable environmental inputs 
2.51E+11 2.89E+11 J Groundwater 

2.06E+10 2.06E+10 J SOM reduction 

1.82E+06 1.82E+06 g Soil erosion 
Purchased inputs 

4.29E+08 4.88E+08 J Human labor 
6.42E+03 6.42E+03 g Machinery 

3.21E+10 3.21E+10 g Fossil fuel and lubricant 

1.45E+05 1.60E+05 g Nitrogen fertilizer 
9.50E+04 1.25E+05 g Phosphorus fertilizer 

3.50E+04 5.50E+04 g Potash fertilizer 

2.50E+03 2.50E+03 g Micro fertilizer 
3.72E+15 3.72E+15 Rials Earth emergy 

1.70E+06 2.00E+06 g Organic fertilizer 

7.15E+07 9.60E+07 Rials  Sapling 
Outpu 

3.75E+06 3.25E+06 g Economic yield 

4.41E+09 3.82E+09 J Economic yield 

 
Table 3. Emergency analysis and input structure in Mozafati and Rabbi production systems in Mirjaveh city (sej/ha/yr) 

Rabbi Mazafati 
 

Items 
% Emergy % Emergy Emergy/Unit  

 
 

 
 

Renewable environmental inputs 

0.12% 3.60E+13 0.11% 3.60E+13 1.00E+00 Solar energy 
0.01% 2.79E+12 0.01% 2.79E+12 1.24E+03 Wind, kinetic energy 

0.12% 3.54E+13 0.11% 3.54E+13 2.34E+04 Rain, chemical 

12.34% 3.61E+15 12.48% 4.16E+15 3.61E+04 River water 
0.24% 7.14E+13 0.21% 7.14E+13 2.34E+04 Subtotal  

 
 

 
 

Non-renewable environmental inputs 

20.13% 5.88E+15 20.29% 6.76E+15 2.34E+04 Groundwater 
3.01% 8.80E+14 2.64% 8.80E+14 4.27E+04 SOM reduction 

7.91% 2.31E+15 6.93% 2.31E+15 1.27E+09 Soil erosion 
31.05% 9.07E+15 29.87% 9.96E+15 

 
Subtotal  

 
 

 
 

Purchased inputs 

3.26% 9.52E+14 3.25% 1.08E+15 2.22E+06 Human labor 
0.22% 6.48E+13 0.19% 6.48E+13 1.01E+10 Machinery 

9.45% 2.76E+15 8.28% 2.76E+15 8.60E+04 Fossil fuel and lubricant 

15.33% 4.48E+15 14.83% 4.94E+15 3.09E+10 Nitrogen fertilizer 
9.17% 2.68E+15 10.57% 3.53E+15 2.82E+10 Phosphorus fertilizer 

0.27% 7.81E+13 0.37% 1.23E+14 2.23E+09 Potash fertilizer 

0.03% 9.78E+12 0.03% 9.78E+12 3.91E+09 Micro fertilizer 
12.72% 3.72E+15 11.15% 3.72E+15 1.00E+00 Earth emergy  

1.72% 5.03E+14 1.78% 5.92E+14 2.96E+08 Organic fertilizer 

16.54% 4.83E+15 19.47% 6.49E+15 6.76E+07 Sapling 
3.15% 9.21E+14 3.60% 1.20E+15  FR 

65.56% 1.92E+16 66.32% 2.21E+16  FN 

68.71% 2.01E+16 69.92% 2.33E+16 
 

Subtotal 

100.00% 2.92E+16 100.00% 3.33E+16 
 

Total 

 

3.1.2 Non-Renewable Environmental Inputs (N) 

The study considered non-renewable environmental 

inputs such as groundwater, loss of soil organic matter, and 

soil erosion. In the production systems for Mazafati dates, 

these inputs accounted for 29.87 percent, and for Rabbi 

dates, they accounted for 31.05 percent of the total input 
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emergy (Table 3). The Rabbi date production system 

exhibits a greater rise in these values in comparison to the 

Mazafati date system, which suggests a higher level of soil 

erosion and loss of organic matter. Furthermore, the 

proportion of groundwater, which is the most substantial 

non-renewable resource, is noteworthy in both systems. It 

accounts for 20.29 percent of the total emergy input in the 

Mazafati date system and 20.13 percent in the Rabbi date 

system (Table 3). Implementing contemporary irrigation 

techniques can effectively decrease the utilisation of 

groundwater. 

The study conducted on a maize farm in Kansas, USA, 

estimated that the proportion of non-renewable 

environmental inputs was 2.16E+13 sej/ha/yr (Martin et al., 

2006). According to Shahhosini et al. (2020), the 

assessment of potato production in Golestan province 

revealed that the groundwater input for autumn and spring 

production systems was respectively 23.92 percent and 

45.28 percent higher than other inputs. 

The significant reliance on non-renewable resources, 

particularly groundwater, in both Mazafati and Rabbi date 

palm production systems highlights the need for 

sustainable management practices. Our findings 

corroborate those of Asgharipour et al. (2019), who also 

emphasized the importance of reducing reliance on non-

renewable inputs in agricultural systems. 

To mitigate the environmental impacts of date palm 

cultivation, several strategies can be implemented, such as 

adopting advanced irrigation systems like drip irrigation to 

reduce water consumption and improve water use 

efficiency, implementing sustainable soil management 

practices like cover cropping, crop rotation, and organic 

fertilization to improve soil health and reduce erosion, 

exploring the use of renewable energy sources like solar 

power to reduce dependence on fossil fuels and decrease 

greenhouse gas emissions, and developing policies that 

promote sustainable agricultural practices and provide 

incentives for farmers to adopt environmentally friendly 

technologies. 

Future research should focus on quantifying the 

environmental and economic benefits of these strategies 

and exploring their long-term impacts on the sustainability 

of date palm production systems. Additionally, a more 

comprehensive assessment of the social and cultural factors 

influencing farmers' adoption of sustainable practices is 

needed. 

3.1.3 Purchased Inputs (FN and FR) 

The inputs Purchased consist of the labour force, 

machinery, fossil fuels and oils, chemical fertilisers 

(nitrogen, phosphorus, potassium, and micronutrients), 

land value, organic fertilisers, and consumed seedlings. 

The cumulative values of these inputs for the Mazafati date 

production systems were 2.33E+16 sej/ha/yr, while for the 

Rabbi dates, the total values were 2.01E+16 sej/ha/yr. The 

proportion of renewable resources purchased for the 

Mazafati date production system was 3.60 percent, and for 

Rabbi dates it was 3.15 percent. In contrast, the proportion 

of non-renewable resources purchased was 66.32 percent 

for Mazafati dates and 65.56 percent for Rabbi dates. The 

market inputs accounted for 69.92 percent of the total input 

emergy for Mazafati dates and 68.71 percent for Rabbi 

dates. These inputs were nearly equal for both date 

production systems, with no significant differences 

observed (Table 3). 

The nitrogen fertiliser accounted for the largest 

proportion of purchased inputs in both the Mazafati and 

Rabbi date production systems, with 14.83 percent for 

Mazafati and 15.33 percent for Rabbi. This was followed 

by land value, which accounted for 11.15 percent for 

Mazafati and 12.72 percent for Rabbi. Seedlings had the 

third highest share, with 19.47 percent for Mazafati and 

16.54 percent for Rabbi. Minimising the usage of these 

resources is crucial for reducing the proportion of 

externally purchased resources in these systems. The 

proportion of certain inputs was below one percent, 

specifically machinery (0.19 percent for Mazafati and 0.22 

percent for Rabbi), potassium fertiliser (0.37 percent for 

Mazafati and 0.27 percent for Rabbi), and micronutrient 

fertilisers (0.03 percent for both types of dates) (Table 3). 

The purchased inputs for the commercial rapeseed 

production system amounted to 1.80E+16 sej/ha/yr, while 

for the subsistence rapeseed production system it was 

1.61E+16 sej/ha/yr. The evaluation of purchased resources 

in commercial and subsistence rapeseed systems reveals 

minor variations in the overall emergy of purchased 

resources between the two systems, however, there were 

notable disparities in the composition of these resources. 

As an illustration, the amount of energy required for labour 

in the subsistence system was almost twice as much as that 

in the commercial system. In the subsistence system, the 

amount of emergy consumed by organic fertilisers was 

3.55E+15 sej/ha/yr, whereas in the commercial system, it 

was completely absent. In the commercial system, the 

combined emergy consumption for herbicides, electricity, 

and the establishment of the irrigation system amounted to 

2.08E+15 sej/ha/yr, while it was completely absent in the 

subsistence system. The emergy consumed by agricultural 

machinery and fossil fuels in the commercial system was 

three times greater than that of the subsistence system, 

while in the subsistence system it was six times greater. The 

energy consumed by chemical potassium fertilisers in the 

commercial system was approximately three times greater 

than that in the subsistence system (Amiri et al., 2019). In 

the wheat production system, nitrogen, phosphorus, and 

potassium fertilisers made up 97 percent of the non-

renewable resources that were bought (Hoshyar et al., 

2018). According to Zhang et al. (2012), nitrogen fertiliser 

and labour were the inputs with the highest emergy in 

wheat production.  

3.2 Emergy-Based Indices 

Emergy analysis takes into account all available 

environmental resources, such as human labour and 

ecosystem services, which are often disregarded in other 

approaches. This aids in ascertaining appropriate strategies 

for the sustainable management of agriculture (Yue et al., 

2016; Houshyar et al., 2018). 
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3.2.1 Transformity (Tr) and Specific Emergy (SpE) 

These indices aid in assessing the efficiency of product 

output in terms of emergy (Brown and Ulgiati, 2004). The 

transformity is a measure of the profitability of a 

production process. A high level of this index indicates low 

performance and productivity in long-term environmental 

and economic competition (Odum, 2000). Specific emergy 

(SpE) is a fundamental concept in emergy studies that 

quantifies the amount of emergy needed to produce a single 

unit of biomass. The amount of supportive emergy required 

for each unit of biomass produced is determined by the unit 

of mass, either in grammes or kilogrammes (Odum, 2000; 

Chen et al., 2009; Li et al., 2010; Zhang et al., 2012). 

The production systems of Mazafati and Rabbi dates in 

Mirjaveh county had transformities of 8.72E+06 and 

6.63E+06 sej/J, respectively (Table 4). The emergy 

requirements for the production systems of Mazafati and 

Rabbi dates were 1.03E+10 and 7.79E+09 sej/g, 

respectively (Table 4). 

The Mazafati date production system exhibited a lower 

efficiency in transformity compared to the Rabbi date 

system. However, when considering SpE calculation, the 

Rabbi date system demonstrated lower efficiency. Based 

on the acquired values, it can be concluded that there is a 

minor disparity in the transformity between the two 

systems, but there is a notable discrepancy in the calculated 

values for SpE. 

The transformity for the commercial rapeseed 

production system was calculated as 3.08E05 sej/J, while 

for the subsistence rapeseed production system it was 

calculated as 9.48E+05 sej/J (Amiri et al., 2019). The 

transformity for dates in Nehbandan county was reported 

as 1.71E+09 sej/J, while for pistachios it was reported as 

1.47E+09 sej/J. The specific emergy for date production 

system was 1.37E+10 sej/g, and for pistachio production 

system it was 2.02E+05 sej/g (Jafari et al., 2018).  

 

Table 4. Emergy-based indices of the production systems of Mozafati and Rabbi date in Mirjaveh city 

Rabbi Mazafati 
 

6.63E+06 8.72E+06 Transformity 
7.79E+09 1.03E+10 Specific emergy 

3.40% 3.81% R% 

1.455 1.430 EYR 
2.196 2.325 EIR 

281.212 326.433 EIR*  

127.213 139.568 ELR 
3.327 2.802 ELR* 

0.011 0.010 ESI  

0.437 0.510 ESI*   
3.391 4.460 EER   

0.963 0.945 EIPS  

6.23E+06 5.86E+06 EMR  

3.2.2 Emergy Renewability Ratio (R%) 

Production systems that have a higher proportion of 

renewable resources compared to those that rely more on 

non-renewable inputs are more likely to succeed and be 

sustainable in economic competition. This is because non-

renewable resources are becoming increasingly scarce over 

time (Asgharipour et al., 2019). The production systems of 

Mazafati and Rabbi dates had a dependency on renewable 

resources of 3.81 percent and 3.40 percent, respectively, as 

shown in Table 4. The sustainability index of both systems 

is almost identical, although the Mazafati date production 

system is marginally more sustainable than the Rabbi date 

system. 

The R% for shallot production in mechanised, 

traditional, conservation, and natural habitat systems were 

reported as 18.60%, 26.30%, 25.30%, and 16.30%, 

respectively (Amiri et al., 2021). The emergy renewability 

ratio for traditional rice production and intensive vegetable 

cultivation in China was estimated to be 52.66 percent and 

12.30 percent, respectively, according to Su et al. (2020). 

The proportion of renewable resources in the total 

production resources for the rice production system in 

Mazandaran was documented as 8.26 percent (Amini et al., 

2020).  

3.2.3 Emergy Yield Ratio (EYR) 

This EYR assesses the dominance of a system based on 

the emergy costs it incurs, serving as a sustainability 

indicator that encompasses both the environment and the 

environmental economy. It possesses the capacity to 

recognise agricultural ecosystems (Fallahinejad et al., 

2021). The EYR is widely acknowledged as a crucial 

indicator in the analysis of various systems (Amiri et al., 

2021). The EYR for the production systems of Mazafati 

and Rabbi dates were 1.430 and 1.455 respectively, as 

shown in Table 4. 

Based on the results, the production systems of 

Mazafati and Rabbi dates exhibit almost identical stability. 

Nevertheless, the estimated EYR for Mazafati dates is 

marginally inferior to that of Rabbi dates, primarily 

because of the higher reliance on purchased emergy 

resources in the former system. Hence, it is imperative for 

farmers to prioritise the utilisation of available 

environmental resources, as minimising reliance on 

purchased resources enhances the EYR in production 

systems. 

The EYR for rice was 5.13, as reported by Amini et al. 

(2020). The EYR values for cucumber, tomato, bell pepper, 

and   eggplant   production  systems  were  documented  as 
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1.025, 1.015, 1.014, and 1.012 respectively. The cucumber 

production system exhibited a greater value compared to 

the other three systems (Asgharipour et al., 2020).  

The EYR for the Yaghuti grape production system in 

Sistan was reported to be 1.02, according to Koohkan et al. 

(2017).  

3.2.4 Standard Investment Ratio (EIR) and Modified 

Investment Ratio (EIR*) 

The EIR assesses the level of investment, economic 

growth, and availability of unrestricted environmental 

resources, as well as the agricultural system's reliance on 

the environment. A lower EIR value indicates that a system 

relies more heavily on environmental resources, incurs 

lower economic costs, and has a higher output dependence 

on environmental resources (Odum, 2000). Furthermore, 

the EIR* is calculated by dividing the amount of inputs 

purchased by the amount of renewable environmental 

inputs. Amiri et al. (2019) suggest that conducting a more 

principled comparison of production costs and competitive 

strength in the market is advisable. The EIR index for the 

production systems of Mazafati and Rabbi dates were 2.325 

and 2.196, respectively, as shown in Table 4. The EIR* 

values for Mazafati dates were 326.433, while for Rabbi 

dates they were 281.212 (as shown in Table 4). 

The Mazafati date production system demonstrates 

greater economic development as evidenced by its higher 

EIR and EIR* compared to the Rabbi date production 

system. This is attributed to a larger utilisation of market 

inputs, such as nitrogen fertiliser and saplings, which have 

contributed to the increase in these indices. Hence, by 

decreasing market inputs in the Mazafati date production 

system, it is possible to reduce these indices and enhance 

production efficiency.  

The EIR values for different production systems of 

shallot, including mechanised, traditional, conservation, 

and natural habitat systems, were 7.721, 12.665, 23.223, 

and 0.785, respectively. Similarly, the EIR* indices for 

these systems were 21.872, 25.308, 40.932, and 3.708, as 

reported by Amiri et al. in 2021. A research conducted on 

the sustainability of the Huanjiang forest-grassland region 

in China revealed a consistent upward trend in the EIR 

index over a span of 16 years. The index value escalated 

from 0.12 in 2000 to 0.71 in 2015 (Zhan et al., 2020). The 

EIR, as reported by Zhao et al. (2019), varied from 4.15 to 

7.18 across different wheat-growing regions with varying 

climates. The EIR for oat and wheat production systems in 

China was calculated as 2.94 and 1.30, respectively, 

according to Zhai et al. (2017).  

3.2.5 Standard Environmental Load Ratio (ELR) and 

Modified Environmental Load Ratio (ELR*) 

The ELR quantifies the environmental strain caused by 

the utilisation of non-renewable energies that are within 

human jurisdiction. Greater environmental pressure is 

indicated by higher ELR values, particularly when this 

index surpasses 10 (Su et al., 2020). The ELR is determined 

by dividing the total non-renewable and purchased emergy 

inputs by  the  renewable  inputs. On the other hand, ELR* 

specifically examines the ratio of non-renewable resources 

to renewable resources (Ortega et al., 2002). Typically, 

ELRs that are less than 2 indicate a minimal impact on the 

environment, ELRs between 2 and 10 suggest a moderate 

impact, and ELRs above 10 indicate a significant strain on 

the environment (Brown and Ulgiati, 2004; Cavalett et al., 

2006). 

The ELR was calculated as 139.568 for the production 

system of Mazafati dates and 127.213 for the production 

system of Rabbi dates. In addition, the ELR for the same 

systems were 2.802 and 3.327 respectively, as shown in 

Table 4. Systems with high ELR values indicate a 

substantial amount of environmental pressure, mainly 

because they heavily rely on non-renewable environmental 

resources like groundwater and contribute to soil erosion. 

Nevertheless, the significant disparities between the ELR 

and ELR* values indicate that both systems impose a 

moderate burden on the environment. 

The ELR index values for wheat, barley, sugar beetroot 

and saffron were reported as 63.56, 66.06, 23.56, and 79.63 

respectively (Fallahinejad et al., 2021). The ELR for 

subsistence cultivation of rapeseed was 19.75, while for 

commercial cultivation it was 12.68. The ELR* for 

subsistence cultivation was 17.85, and for commercial 

cultivation it was 4 (Amiri et al., 2019). According to Wang 

et al. (2014), the ELR for wheat production systems was 

10.59, while for maize it was 0.47.  

3.2.6 Standard Environmental Sustainability Index 

(ESI) and Modified Environmental Sustainability 

Index (ESI*) 

The ESI is a comprehensive measure of environmental 

sustainability. It is calculated by dividing the EYR index 

by the ELR. The assessment quantifies the advantages 

gained from a system in relation to the amount of space 

occupied (Brown and Ulgiati, 1997). The ESI and ESI* 

assess the ability of a process to achieve high performance 

while minimising its impact on the environment (Odum, 

1996). A production system with an ESI value below 1 

signifies a significant environmental pressure, whereas 

values ranging from 1 to 10 indicate a relatively sustainable 

production system (Su et al., 2020). 

The research calculated the ESI and ESI* for the 

Mazafati date production system as 0.010 and 0.011 

respectively. For the Rabbi date production system, the 

values were 0.510 and 0.437 respectively (Table 4). 

The study found that both agricultural systems had 

environmental sustainability indices below one, which 

suggests a very low level of sustainability and a high degree 

of environmental pressure. Both the Mazafati and Rabbi 

date production systems heavily rely on non-renewable 

environmental resources. 

The index for the autumn and spring potato cultivation 

systems was calculated as 0.05 and 0.07 respectively (Shah 

Hoseini et al., 2021). The environmental sustainability of 

the conventional forage maize production system in 

Denmark was reported as 0.24 (Ghaley et al., 2018). The 

index for dates and pistachios was computed as 0.93 and 

1.30 respectively, according to Jafari et al. (2018). 
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Furthermore, the index for the potato production system 

was calculated to be 0.03, as determined by Zhai et al. 

(2017).  

3.2.7 Emergy Exchange Ratio (EER) 

The EER, a metric developed by Azizi et al. (2021), 

quantifies the efficiency of emergy by comparing the total 

emergy consumed in production to the emergy obtained 

from sales in the market. This index is determined by the 

efficiency of the product in relation to its area and assesses 

the emergy gain from product sales. Furthermore, it 

evaluates the equilibrium between the economic output 

traded for currency in the market (YM) in megajoules per 

unit area and the overall emergy input to the system (U). 

An EER value greater than one signifies a high level of 

system efficiency in converting monetary emergy into 

product and reflects significant purchasing power in the 

market (Amiri et al., 2019). The EER values for the 

Mazafati and Rabbi date production systems were 4.460 

and 3.391 respectively, as shown in Table 4. The fact that 

the index is greater than one for both systems indicates their 

high production efficiency. 

The EERs for cucumber, tomato, bell pepper, and 

eggplant production systems were documented as 0.72, 

0.54, 0.46, and 0.33 respectively, according to Asgharipour 

et al. (2020). The EER values for these systems, which are 

below one, indicate their low efficiency. The EER index for 

commercial rapeseed systems was 0.94, while for 

subsistence rapeseed systems it was 0.31. The rapeseed 

production systems are considered inefficient because their 

EER values are less than one (Amiri et al., 2019).  

3.2.8 Emergy Index of Product Safety (EIPS) 

The EIPS evaluates the level of safety in agricultural 

product outputs by considering the contributions of 

chemical fertilisers and herbicides as inputs. According to 

Xi and Qin (2009), there is a positive correlation between 

the EIPS value and the security and health of the crops. In 

other words, as the EIPS value increases, the crops are more 

secure and healthy. The production safety index for the 

Mazafati date production system was determined to be 

0.945, while for the Rabbi date system, it was found to be 

0.963. The assessment of production safety for both 

systems yielded almost identical results (Table 4). 

Nevertheless, the safety index of the Rabbi date system 

was marginally superior to that of the Mazafati dates. Thus, 

it can be asserted that the Rabbi date production system 

yields a more wholesome product. However, in order to 

augment this index, it is imperative to decrease the overall 

utilisation of fertilisers for both systems. The EIPS values 

for mechanised, traditional, conservation, and natural 

shallot habitat systems were 0.883, 0.906, 1.00, and 1.00 

respectively (Amiri et al., 2021). The EIPS for three 

different models of goose farming in cornfields, 

conventional corn and wheat-chickpea rotation were 

determined to be 0.97, 0.91, and 0.94, respectively, 

according to a study conducted by Guan et al. (2016). 

According to Sha et al. (2015), the index for two production 

models of goose farming in cornfields and conventional 

corn cultivation in the southeastern region of Tibet were 

0.86 and 0.70, respectively.  

3.2.9 Emergy-Money Ratio (EMR) 

The EMR establishes a connection between the 

economic attributes and the environmental inputs to an 

ecosystem. This indicator quantifies the monetary value of 

environmental flows and purchased inputs that enter the 

system as a result of the production of goods (products and 

services) at a specific point in time (Lu and Campbell, 

2009). Within the realm of emergy indices, there is a 

requirement for an index that effectively conveys the 

economic worth of system outputs from an emergy 

standpoint. This index is known as EMR, as described by 

Chen et al. (2017). EMR is a measure of the amount of 

energy invested per unit of profit. It is calculated by 

dividing the emergy investment by the net profit. This 

concept was introduced by Zhang et al. (2012). 

The EMR values for the production systems of Mazafati 

dates and Rabbi dates were determined to be 5.86E+06 and 

6.23E+06, respectively. The analysis of EMR values in this 

study reveals that the Rabbi date production system has a 

greater emergy flow per unit of net profit compared to the 

Mazafati date production system (Table 4). The emergy 

analysis of four systems, namely corn farming, duck 

breeding, mushroom cultivation, and fish farming, yielded 

EMR values of 1.36E+13, 8.22E+13, 5.04E+13, and 

4.78E+13 emrial, respectively. 

The EMR values of the assessed systems demonstrate 

that the agricultural system (specifically maize production) 

has a lesser amount of emergy flow per dollar earned in 

comparison to the animal husbandry (duck breeding), 

horticulture (mushroom production), and aquaculture (fish 

farming) systems. Put simply, the agricultural system had a 

lower emergy-to-dollar ratio compared to the other 

systems. The fish farming system had a more favourable 

energy-money ratio compared to the animal husbandry and 

horticulture systems, primarily because of its semi-natural 

state. According to Zhang et al. (2012), if two systems have 

the same net income, the one with a lower emergy inflow 

would be more sustainable. The EMR values for 

mechanised, traditional, conservation, and natural habitat 

systems of shallot were determined as 1.67E+13, 

1.86E+13, 1.72E+13, and 8.6E+12, respectively, according 

to Amiri et al. (2021).  

4. Conclusion 
This study aimed to implement a production system that 

maximises efficiency and economic-ecological 

productivity for two export products, Mazafati and Rabbi 

dates, in the Mirjaveh county from 2022 to 2023. 

Agricultural ecosystems are considered complex biological 

systems because of their diverse forms and functions. 

Hence, it is crucial to assess the sustainability of 

agricultural systems in order to identify appropriate 

production patterns, as part of a comprehensive and 

scientific approach. Emergy analysis has the ability to 

evaluate the environmental, economic, product quality, and 

social aspects of  different  systems. The primary objective 
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of this research was to generate a premium and nutritious 

product with optimal financial gain, given that dates are the 

predominant crop grown in Mirjaveh county. The Mazafati 

and Rabbi varieties dominate the cultivation area in the 

palm groves of Mirjaveh among the different types of 

dates. The chosen indices for this research were diverse and 

capable of measuring ecological, economic, market 

dimensions, and product quality. 

The results obtained from emergy-based indices for 

these export products showed variations in the calculated 

values of the transformity with specific emergy. The 

calculation of the transformity revealed that the efficiency 

of the Mazafati date production system was lower than that 

of the Rabbi date system. Conversely, when considering 

the SpE calculation, the efficiency was lower for the system 

specific to Rabbi dates. When analysing indices in the 

Mazafati date production system, it was found that higher 

R% and EER values, as well as lower EIPS, ELR*, and 

EMR values, provided a slight advantage. However, the 

Rabbi date production system demonstrated greater 

sustainability in terms of higher EYR, lower EIR and EIR⃰, 

and lower ELR compared to the Mazafati date production 

system. However, the calculated values of these indices 

must not ignore the extra strain that both production 

systems place on the environment. Date farmers must 

prioritise this matter and enhance the quality of their 

product and the surrounding environment by optimising the 

utilisation of natural resources and substantially decreasing 

the reliance on non-renewable environmental resources and 

purchased inputs. Nevertheless, when considering the 

economic, commercial, and ecological aspects, the 

Mazafati date system exhibited a slight superiority 

compared to the Rabbi date production system.  
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ARTICLE INFO  ABSTRACT 

Article history:  The purpose of this research is to examine the weaknesses, strengths, threats and 

opportunities in the Shulabad Watershed, which will be a prelude to determining 

comprehensive management strategies. An examination was conducted on the key 

sources of income and economic status of watershed residents, and the most 

significant environmental challenges stemming from existing economic activities 

were identified. Subsequently, the SWOT framework was utilized for strategy 

identification. A Likert five-point spectrum questionnaire, completed by two 

groups comprising experts and local communities, was employed to gauge the 

relative weights of internal and external factors. The Delphi technique was 

employed to ascertain the relative weights of these factors. Considering these 

factors, strategies were devised for achieving management objectives by pairing 

each internal and external factor. The reliability of the questionnaires was 

calculated using Cronbach's alpha method of 0.89. The existence of lands prone to 

garden development and the conversion of low yielding rainfed lands to gardens 

with a rating of 0.253 were recognized as the most important components of 

strengths. Traditional animal husbandry, the imbalance between livestock and the 

capacity of pastures in the region, and excessive density of livestock in pastures 

were selected as the most important weaknesses with a rank of 0.25. The tendency 

of non-native people to invest was recognized as the most important component of 

opportunity with a rank of 0.215. Partiality and non-implementation of the land 

preparation program was selected as the most important threat in this watershed 

with a rating of 0.301. The stockholders of Shulabad Watershed have a desire to 

create gardens instead of rainfed cultivation with very low efficiency, so it is 

necessary to provide facilities and educational and promotion programs in order to 

expand this importance. Reverse migration can be provided by helping alternative 

livelihoods, especially the development of gardens and tourism.               
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Highlights* 

• Land suitable for orchards is a key strength for Shulabad Watershed. 

• Overgrazing and livestock imbalance degrade Shulabad's environment. 

• Non-native investment offers economic growth for Shulabad. 

• Poor land management threatens Shulabad's sustainable development. 

• Tourism potential in Shulabad is high but lacks promotion. 

 

1. Introduction 
The essence of management should be accompanied by 

comprehensiveness and integration. However, the concept 

of comprehensive or integrated watershed management 
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emerged due to the separate management of resources 

within watersheds (sectoral management) and the resulting 

environmental hazards, as well as the decline in ecosystem 

services due to the disruption of watershed health (Reed et 
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al., 2009; Mirchi et al., 2010). Considering the natural, 

economic, and social conditions governing Iran's 

watersheds, there is a strong need to adopt and implement 

this model. The necessity of implementing different levels 

of management and planning, as well as adopting a 

"strategy" (which represents the highest level), in the 

country's watersheds requires a long-term "attitude" toward 

the "allocation" of resources and "scientific )Karimi 

Sangchini et al., 2017(. Integrated watershed management 

has been proposed as a new paradigm for managing natural 

resources, emphasizing the socio-economic characteristics 

of the region to sustain livelihoods without vulnerability to 

essential resources and to enhance the well-being of the 

residents in these areas (Lee and Chung, 2007; McDuff et 

al., 2008; Ratha and Agrawal, 2015). The overarching goal 

of comprehensive watershed management is to develop 

sustainable rural livelihoods based on the integrated 

management of natural resources, with the active 

participation of all stakeholders (Promburom, 2010; Thapa 

et al., 2022). Integrated watershed management is 

presented as both a new concept and a fresh approach to 

planning and development concerning water, soil, and 

vegetation management, with special emphasis on 

economic, social, and environmental issues, seeking to 

create collaborative solutions within these domains. The 

foundational philosophy of watershed management 

advocates for a comprehensive, integrated approach to 

natural resource management. The purpose of this 

approach is to foster integration and coordination in 

managing the natural and social resources of watersheds 

through people-oriented programs (Gleick, 2003; Pahl-

Wostl, 2009; Mutekanga, 2012; Yavuz and Baycan, 2014). 

The application of the SWOT model is extensive, 

serving as a conceptual framework for system analysis. It 

allows for the examination of factors and the comparison 

of bottlenecks, threats, detrimental aspects, opportunities, 

demands, and conditions of the external environment while 

assessing the strengths and weaknesses of a strategy 

(Ebener and Smith, 2015; Azubuike et al., 2018; Mallick et 

al., 2020). Within this model, weaknesses, opportunities, 

and threats are categorized and discussed, leading to the 

formulation of strategies based on these factors (Marsall, 

2006; Wheelen and Hunger, 2017; Grant, 2019; Patel et al., 

2022). Specifically, SWOT is an acronym representing 

strengths, weaknesses, opportunities, and threats. SWOT 

analysis is a widely utilized tool for simultaneously 

analyzing internal and external environments, thereby 

determining a systematic approach for decision-making 

(Yuksel and Dagdeviren, 2007; Helms and Nixon, 2010; 

Shahba et al., 2017). This model aims to provide possible 

strategies by quantifying internal factors (weaknesses and 

strengths) and external factors (opportunities and threats) 

as well as the interaction between these factors (Nikolaou 

and Evangelinos, 2010; David, 2015; Sarsby, 2016). 

SWOT analysis systematically identifies factors that 

should best align with the strategy. The rationale behind 

this approach is that an effective strategy should maximize 

the system's strengths and opportunities while minimizing 

its weaknesses and threats. When applied correctly, this 

logic yields favorable outcomes for the selection and 

design of an effective strategy (Yavuz and Baycan, 2013; 

Bakalár et al., 2021; Nasiri Khiavi et al., 2024). Effective 

planning for the proper management of an execution plan 

necessitates a comprehensive understanding of issues, 

problems, and challenges, on one hand, and strengths and 

opportunities on the other. Thus, internal and external 

factors, including challenges and impediments, as well as 

potentials and opportunities, should be investigated to 

determine optimal strategies. Among the various models 

and methods available for strategic management and 

planning, the SWOT matrix method is regarded as one of 

the most common approaches for strategy formulation 

(Pahl and Richter, 2009; Giusti et al., 2016; Bassi et al., 

2024). One of the critical steps in implementing integrated 

watershed management strategies is the determination and 

compilation of these strategies. Various methods and 

models are available for this purpose, each encompassing 

its own concepts, insights, and specific techniques. Among 

them, the SWOT model, which evaluates strengths, 

weaknesses, opportunities, and threats of the system, has 

gained widespread recognition. Today, this method is 

employed by designers to assess strategy as a contemporary 

tool for performance analysis and strategy formulation 

(Wickramasinghe, 2009; Heshmati et al., 2022). 

Consequently, the SWOT model is an effective group 

decision-making tool designed for establishing long-term 

or short-term strategies and informing critical decisions 

regarding various issues. This model can be applied to an 

organization or company, or it can focus on a particular 

geographical area or issue that is of relevance to us. The 

primary objective of this model is to develop strategies that 

enhance efficiency or improve situations (Kurttila, 2000; 

Policastro, 2001; Savari et al., 2022). 

Designing a comprehensive watershed management 

model for the Shulabad Watershed is crucial in light of 

climate change, water resource depletion, droughts, floods, 

deforestation, and the degradation of forests and pastures. 

This model should encompass components and elements 

that comprehensively address watershed management 

while utilizing innovative and effective tools for 

conserving and efficiently utilizing natural resources (Lee 

and Chung, 2007; Gleick, 1998; Sanchez et al., 2014). 

Some of the components that should be considered in the 

comprehensive watershed management model for the 

Shulabad Watershed include:  Analysis of the Current 

Situation: A thorough assessment of the current status of 

the watershed, including water resources, soil, forests, 

pastures, economic and social conditions, and the impacts 

of climate change.  Identification and Analysis of Problems 

and Challenges (Worden, 2024): Assessing the primary 

issues in the watershed, such as water resource depletion, 

deforestation, and the impacts of floods and droughts.  

Setting Priorities and Objectives: Determining strategic 

priorities and management goals, including the 

preservation of water and soil resources, flood and drought 

control, and promoting sustainable development and 

utilization of forests and pastures (Karimi Sangchini et al., 

2022).  Formulating Strategies and Operational Plans: 

Developing strategies and operational plans to achieve 

management objectives, including the adoption of 
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innovative technologies, promotion of sustainable 

agriculture, and encouragement of green economic 

development.  The Shulabad watershed faces numerous 

challenges related to soil erosion and susceptibility to 

flooding. The steep slopes of this mountainous region, 

combined with extensive grazing practices, have 

exacerbated the problems associated with this watershed. 

Alongside these challenges, the area possesses significant 

development potential in terms of tourism, owing to its rich 

natural and geological features, which are conducive to 

ecotourism and geotourism. The presence of the Chakan 

Waterfall and mountain ranges with elevations exceeding 

4,000 meters can create opportunities for the development 

of this industry. Therefore, the purpose of this research is 

to assess the weaknesses, strengths, threats, and 

opportunities in the Shulabad Watershed, which will lay the 

groundwork for determining comprehensive management 

strategies. 

2. Materials and Methods 

2.1. The study area  

The Shulabad Watershed is located between 33̊ 15́ to 43 ̊

52́ N and 48̊ 04 ́to 48 ̊46́ E. This watershed constitutes in 

the upstream areas of the Karun River basin, originating 

from the Persian Gulf and the Oman Sea sub-basins. The 

area of the Shulabad Watershed is 5,484 square kilometers, 

classified as a medium-sized basin. The average elevation 

of the entire study area is 2,495 meters above sea level. The 

average slope of the Shulabad Watershed is estimated at 

9.53 percent, indicating a steep terrain. The average annual 

precipitation, based on the correlation between 

precipitation and elevation, is approximately 835.2 

millimeters. About 262 millimeters, or approximately 

31.41 percent of the total annual precipitation, falls as snow 

in this watershed. Roughly, 46 percent of the study area 

comprises rocky terrain, while approximately 35 percent is 

covered by sparse forests with medium density. 

2.2. The SWOT Framework  

The SWOT framework is a strategic analysis tool used 

to evaluate the internal (Strengths and Weaknesses) and 

external (Opportunities and Threats) factors of an 

organization or situation. Typically employed in the 

strategic planning process, this tool assists managers in 

making informed decisions based on a comprehensive 

analysis of the internal and external environment of the 

organization (Pahl and Richter, 2009; Azubuike et al., 

2018). In the context of integrated watershed management, 

this framework serves as a valuable tool for assessing the 

current and future status of watersheds and water resource 

management. Specifically (Kangas et al., 2001; Ebener and 

Smith, 2015): Strengths: These encompass the 

characteristics, resources, and activities existing within the 

watershed that have the potential to create a competitive 

advantage for watershed management. For instance, 

abundant water resources, advanced technologies in water 

resource management, and strong collaboration with local 

communities and other relevant institutions. Weaknesses: 

These include limitations, weaknesses, and deficiencies 

present in the current watershed management. For example, 

declining water resources due to deforestation, challenges 

in water and wastewater management, and lack of 

coordination among stakeholders in watershed issues. 

Opportunities: These consist of trends, environmental 

changes, and opportunities available for improving the 

watershed situation. For instance, increasing attention to 

environmental conservation and sustainable development, 

growing international cooperation in water resource 

management. Threats: These encompass external factors 

such as competition, changes in laws and regulations, and 

other threats to watershed management. For example, 

decreasing water resources due to climate change 

competition for access to water resources, and conflicts in 

differing water use needs (Kurttila et al., 2000; Sarsby, 

2016). Through the utilization of SWOT analysis, 

managers can develop strategies that capitalize on strengths 

to exploit opportunities, while also addressing weaknesses 

and threats to prepare plans for problem-solving and future 

threat mitigation (Pahl and Richter, 2009; Sarsby, 2016; 

Bassi et al., 2024). 

2.3. Water quality index based on industrial uses 

This study employed a research methodology that 

integrates library research, resource analysis, and 

interviews conducted via questionnaires to propose 

strategic frameworks for comprehensive watershed 

management in the Shulabad region. Initially, the Delphi 

method was utilized to identify factors influencing 

comprehensive watershed management. Subsequently, 

these factors were prioritized through questionnaires 

administered to a team of experts (Fabbri, 1998; Chang et 

al., 2010; Ruiz et al., 2012; Karimi Sangchini et al., 2022; 

Kibria et al., 2024). The Delphi method, originally 

developed for systematic prediction and interactive 

communication, relies on expert consensus and is 

predominantly employed in futures studies to uncover 

innovative and reliable ideas or to provide relevant 

information for decision-making (Wickramasinghe et al., 

2009; Karimi Sangchini et al., 2017; Worden et al., 2024). 

The sample comprised 27 individuals, including experts 

and academic scholars, to determine the components of the 

SWOT model in the Shulabad Watershed area. Insights 

were gathered from university professors in Lorestan and 

personnel from the Research and Education Center for 

Agriculture and Natural Resources of Lorestan Province, 

alongside officials from the Agricultural Jihad and Natural 

Resources departments of Shulabad City, and watershed 

operators. In the final stage, in addition to identifying 

significant factors within each of the strength, weakness, 

opportunity, and threat criteria, requisite management 

strategies were defined based on the contextual specifics of 

Lorestan Province through SWOT analysis. SWOT 

analysis involves evaluating both internal factors (strengths 

and weaknesses) and external factors (opportunities and 

threats) pertinent to the subject under study. Strengths are 

characteristics that facilitate the achievement of 

organizational goals, while weaknesses are attributes that 

hinder goal attainment (Heshmati et al., 2022). 

Opportunities encompass external environmental 
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conditions that can positively impact goal achievement, 

whereas threats denote external environmental conditions 

that can impede goal attainment (Nasiri Khiavi et al., 

2024). The strategies resulting from the SWOT analysis are 

presented in Table 1. To prioritize weaknesses, strengths, 

opportunities, and threats, it is essential not only to consider 

the weights obtained during the survey process from 

experts but also to assess the weight of each item within 

each criterion in relation to other items across different 

criteria (Kibria et al., 2024). 
 

Table 1. Comparative SWOT matrix for strategy development (Policastro, 2001)   

External factors 

Internal 

factors 

Threats Opportunity  
Conservative strategy Offensive strategy Strengh 

Defensive Strategy Competitive Strategy Weakness 

 

 
Figure 1. Location Shulabad Watershed in Lorestan Province and Iran 

 

3. Results and discussion 
The reliability of the questionnaires, considered as the 

trustworthiness of the measurement tool, was calculated 

using the Cronbach's alpha method, resulting in a 

coefficient of 0.89. This indicates that the questionnaires 

employed in this study exhibited appropriate reliability. 

The results obtained from expert surveys, involving 

experts, specialists, and stakeholders in the Shulabad 

Watershed area, regarding the strengths, weaknesses, 

opportunities, and threats facing comprehensive watershed 

management, were derived from the questionnaires. For 

ranking purposes, each criterion was assigned a position 

ranging from 1 to 4 based on its respective weight within 

one of the categories.The criteria for effectiveness 

included: The impact of threats on exacerbating 

weaknesses and hindering opportunities. The influence of 

weaknesses on exacerbating threats and failing to leverage 

strengths and opportunities. The effect of strengths on 

leveraging opportunities, reducing weaknesses, and 

addressing threats. The effect of capitalizing on 

opportunities to enhance strengths, mitigate weaknesses, 

and address threats (Savari and Shokati Amghani, 2022). 

Subsequently, the average score of each criterion (derived 

from expert evaluation) was divided by the total scores of 

the criteria for internal factors (weaknesses and strengths) 

to calculate the importance coefficient of each criterion 

relative to the total. The same methodology was applied to 

external factors (opportunities and threats). Multiplying the 

importance coefficient by the rank of each criterion yielded 

the final score for that criterion. This approach facilitates 

consensus among experts on the criteria and serves as the 

foundation for designing and implementing strategies for 

comprehensive watershed management. These strategies 

are formulated based on a comprehensive matrix 

juxtaposing internal factors (weaknesses and strengths) 

against external factors (opportunities and threats (Shahba 

et al., 2017). In the next step, the average score of each item 

(resulting from the experts' survey) was divided by the total 

scores of the internal factors (weaknesses and strengths) to 

obtain the importance coefficient of each item as a ratio of 

the total (see Table 2). The same procedure was applied to 

the external factors (opportunities and threats). By 

multiplying the importance coefficient by the impact rating 

of each item, the final score for that item was calculated 
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(see Table 3). This methodology allows for an 

understanding of the consensus among experts regarding 

the issues and establishes the cornerstone for the design and 

formulation of comprehensive management strategies for 

the Shulabad Watershed. To develop these strategies, the 

list of internal factors (weaknesses and strengths) was 

juxtaposed against the list of external factors (opportunities 

and threats) in a large matrix to address related issues. 

Table 4 displays the top items in each component. The ST 

area focuses on addressing upcoming threats and 

transforming threats into opportunities. The WT zone 

represents a fallback or reduction strategy aimed at 

decreasing the level of debilitating activities. The SO 

region emphasizes developmental strategies that prioritize 

strengths and opportunities. Finally, the WO area suggests 

that, based on the identified weaknesses and available 

opportunities, activities should shift from weaknesses 

toward opportunities.  
 

Table 2. Results of the Internal Factors Evaluation (IFE) Matrix for Shulabad Watershed 

Row 
Component 

Type 
Criteria List 

Mean 

Importance 

Adjusted 

Importance 

Criterion 

Rank 

Final 

Importance 

1 Strengths Adequate mountainous rainfall and abundant water resources in the watershed 4.80 0.062 2 0.123 

2  Potential for alternative livelihoods (medicinal and industrial plants, beekeeping, and 
aquaculture development) 

4.53 0.058 4 0.233 

3  Availability of skilled human labor 3.40 0.044 1 0.044 

4  Social acceptance and feasibility of implementing natural resource rehabilitation and 
restoration programs 

3.53 0.045 2 0.091 

5  Ecotourism and geotourism attractions 4.60 0.059 4 0.236 

6  Potential for renewable energy production (solar and wind) 2.87 0.037 3 0.110 
7  Livestock activities, livestock products, and expansion of livestock and aquaculture 4.60 0.059 3 0.177 

8  Availability of suitable land for horticultural development and conversion of low-

yield rainfed lands to orchards 
4.93 0.063 4 0.253 

1 Weaknesses Distance from provincial and county centers and limited infrastructure development 5.00 0.064 3 0.192 

2  Proliferation of smallholder ownership in agriculture, lack of appropriate cultivation 

patterns, and weakness in cooperative and group participation 
4.93 0.063 3 0.190 

3  Poverty, unemployment, and rural migration 4.47 0.057 3 0.172 

 

Table 2. (Continued) 

Row 
Component 

Type 
Criteria List 

Mean 

Importance 
Adjusted 

Importance 
Criterion 

Rank 
Final 

Importance 

4  Excessive dependence of household livelihoods on natural resources 3.27 0.042 2 0.084 

5  
Lack of technical knowledge among operators in the cultivation and 
propagation of seedlings and fruit trees, cultivation of medicinal plants, and 

pest control 

4.33 0.056 1 0.056 

6  Deforestation, rangeland degradation, and land use change from forest and 
rangeland to agriculture 

4.20 0.054 3 0.162 

7  Severe cold in winter and lack of adequate tourism facilities in cold months 4.27 0.055 2 0.109 

8  Traditional animal husbandry and imbalance between livestock and 
rangeland capacity in the area, excessive livestock density in rangelands 

4.87 0.062 4 0.250 

9  Non-compliance with the timing of livestock entry and exit to rangelands 4.73 0.061 2 0.121 

10  
Biophysical obstacles or environmental hazards (rough and impassable 
topography, avalanche risk, erosion, floods, mass and debris flows, 

riverbank erosion) 

4.60 0.059 3 0.177 

Total 

Score 
 If the table is to span more than one page, it must have a title on every page. 77.93 1 49 2.780 

 

Table 3. Results of the External Factors Evaluation (EFE) Matrix for Shulabad Watershed 

Row 
Component 

Type 
Criteria List Mean Importance 

Adjusted 

Importance 
Criterion Rank Final Importance 

1 Opportunities 
Non-native individuals' inclination toward 

investment 
3.33 0.054 4 0.215 

2  Possibility of supportive reverse migration 2.40 0.039 3 0.116 

3  Availability of low-interest facilities for livestock 

breeders and farmers 
3.33 0.054 3 0.161 

4  Introduction of watershed tourism attractions to 
attract tourists and even international tourists 

2.33 0.038 3 0.113 

5  

Capacity for the production of herbal products, 

proximity to major distillation and packaging 
factories of flowers and medicinal plants, such as 

workshops in Aligudarz and Mahallat 

4.40 0.071 3 0.213 

6  Seizing the opportunity to utilize graduates 3.47 0.056 2 0.112 

1 Threats 

Climate change impact (warming, evaporation, 

drought, flood, and desertification), reduction of 

biodiversity, and species extinction 

4.67 0.075 3 0.226 

2  Vulnerability of sales of products produced by 

farmers and gardeners to imports 
3.93 0.063 2 0.127 

3  Lack of pricing system for agricultural and 
livestock products 

4.80 0.077 2 0.155 

 

 

 



Karimi Sangchini et al. 

64 

 

Table 3. (Continued) 

Row 
Component 

Type 
Criteria List 

Mean 

Importance 

Adjusted 

Importance 

Criterion 

Rank 

Final 

Importance 

4  Fragmented vision and failure to 

implement land improvement programs 
4.67 0.075 4 0.301 

5  

Currency devaluation and the impact of 

inflation on the price of seeds, 

pesticides, and agricultural and 
livestock inputs 

4.73 0.076 3 0.229 

6  
Spread of human, animal, and joint 

human-animal diseases from outside the 
watershed 

4.13 0.067 1 0.067 

7  Possibility of pests and plant diseases 

spreading from outside the watershed 
3.33 0.054 1 0.054 

8  

Removal of government support in 

agriculture and incomplete coverage of 

agricultural and livestock product 
damages 

4.20 0.068 3 0.203 

9  Attraction of surrounding city migration 3.40 0.055 4 0.219 

10  
Passage of nomads outside the 

watershed and severe rangeland 

degradation 

4.93 0.079 3 0.238 

Total 
Score 

  62.07 1 44 2.747 

 

Table 4. Top Indicators in Each Component of the SWOT Model for the Shulabad Watershed 

Rank Strengths Rank Weaknesses 

1 
Existence of suitable lands for agricultural development and 
conversion of low-productivity rainfed lands into orchards 

1 

Traditional animal husbandry and imbalance between livestock 

and rangeland capacity in the area, excessive grazing pressure 

on rangelands 

2 Ecotourism and geotourism attractions 2 
Distance from provincial and county centers and inadequate 

infrastructure development 

3 
Potential for alternative livelihoods (medicinal and industrial 

plants, beekeeping, and aquaculture development) 
3 

Spread of small-scale ownership in the agricultural sector, lack 
of appropriate cultivation patterns, and weakness in 

cooperatives and group participation 

4 
Existence of livestock activities and products, and aquaculture 

development 
4 

Biophysical obstacles or environmental hazards (rough and 
impassable topography, risk of landslides, water erosion, 

floods, mass, and debris flows, and riverbank erosion) 

Rank Opportunities Rank Threats 

1 Interest of non-native individuals in investment 1 
Partial view and non-implementation of land improvement 
programs 

2 

Capacity to produce medicinal plants, proximity to important 

distillation and packaging factories of medicinal plants 
including workshops in the city of Aligudarz and districts 

2 
Migration of nomads outside the watershed and severe 

degradation of rangelands 

3 
Availability of low-interest facilities to livestock farmers and 

agriculturists 
3 

Decrease in the value of the national currency and the impact of 

inflation on the price of seeds, pesticides, and agricultural and 
livestock inputs 

4 Possibility of reverse migration support 4 

Climate change effects (warming, evaporation, drought, floods, 

and desertification) leading to reduced biodiversity and species 
extinction 

 

The researches of Bakalár et al. (2021) and Nasiri 

Khiavi et al. (2024) are also in this direction and they 

introduced the SWOT approach in the comprehensive 

management of water and soil resources. They also 

considered it important to use the opinions of local 

communities, experts and policymakers to formulate 

strengths, weaknesses, opportunities and threats. 

The distance from provincial and county centers and 

limited infrastructure development with a weight of 192.0 

has a very high effectiveness among weakness factors in 

the comprehensive management of the Shulabad 

Watershed. This is while the lack of technical knowledge 

among operators in planting and cultivating seedlings, fruit 

trees, medicinal plants, and combating plant diseases with 

a weight of 0.056 has very low effectiveness among 

weakness factors in the comprehensive management of the 

Shulabad Watershed. The main problem and weakness of 

the Shulabad Watershed is its distance from important 

population centers, which can lead to more problems. The 

long distance from population centers, coupled with 

difficult access, results in low welfare facilities. Due to the 

low agricultural land area and the lack of dependence on 

agriculture, technical knowledge in planting, maintaining, 

and harvesting agricultural products has received low 

priority.  

In the research of Reed et al. (2009), Sanchez et al. 

(2014), Karimi Sangchini et al. (2007) and Worden et al. 

(2024) people's participation has been emphasized. It 

should also be noted that future management plans for this 

mountainous watershed with steep slopes should be 

considered. Unfortunately, skilled labor in this area has 

migrated due to lack of employment, limited welfare 

facilities, and urban attractiveness, posing challenges in 

this regard. However, alternative livelihood support, 

especially the development of orchards and tourism, can 

facilitate reverse migration. 

Among the opportunities, the factor of non-native 

individuals' inclination to invest with a weight of 0.215 has 
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very high effectiveness, while the factors of introducing 

attractions of the watershed for attracting tourists, and even 

cross-border tourists, with a final weight of 113.0 have the 

lowest importance. Due to the significant tourism 

attractions in this area and the abundant water potential, the 

inclination of non-native individuals to invest in tourism, 

aquaculture, and agriculture sectors is high, but 

unfortunately, there is a weakness in introducing tourist 

attractions, especially to foreign tourists. One of the 

reasons for the low investment in these areas is the lack of 

welfare facilities, appropriate access roads, and the difficult 

access to the watershed. Partial views and failure to 

implement land improvement programs among the factors 

studied in threats with a weight of 301.0 have the highest 

effectiveness. Also, the possibility of the spread of plant 

pests and diseases from outside the watershed with a weight 

of 0.054 has the lowest effectiveness among the threats to 

the comprehensive management of the Shulabad 

Watershed. A major problem in many watershed areas of 

the country in the current conditions is partial views and 

failure to implement land improvement programs, which is 

hoped to be resolved by passing the land improvement and 

integrated watershed management plan, shifting from a 

partial approach to a holistic and systemic approach. In the 

researches of Thapa et al. (2022), Yavuz and Baycan, 

(2013), Karimi Sangchini et al. (2022) and Nasiri Khiavi et 

al. (2024) a comprehensive approach in watershed 

management is mentioned. 

4. Conclusion 
This study has been conducted to find the weaknesses, 

strengths, threats and opportunities of the Shulabad 

watershed, with the ultimate goal of achieving a 

comprehensive management of this watershed. To 

implement this objective, co-management approach and 

stakeholders' opinions were used to gather strengths (S), 

weaknesses (W), opportunities (O) and threats (T). In this 

regard, semi-structured interviews with local stakeholders, 

technical experts and policy makers were conducted to 

collect and formulate strengths, weaknesses, opportunities 

and threats, briefly known as SWOT.  

Analysis of the identified strengths factors in the 

comprehensive management of the Shulabad Watershed 

shows that the presence of land suitable for horticultural 

development and the conversion of low-productivity 

rainfed lands to orchards with a weight of 0.25 has a higher 

effectiveness and importance among other factors. Also, 

the presence of skilled human resources in Shulabad 

Watershed with a weight of 0.4 has very low effectiveness 

and importance. This indicates that the stakeholders in the 

Shulabad Watershed prefer to establish orchards instead of 

low-yield rainfed cultivation, which requires facilitation 

and promotion programs to expand this initiative. 

The problems of the watershed in terms of forest and 

pasture destruction, including traditional animal husbandry 

and imbalance between livestock and pasture capacity, 

excessive livestock density in pastures, premature grazing, 

excessive dependence of operators on natural resources, the 

passage of external nomads, and severe destruction of 

pastures provide grounds for proposing this strategy. 

Unfortunately, the lack of human resources for the 

protection and restoration of forests and pastures in this 

watershed is evident. It is recommended to prioritize the 

employment of human resources and engage community 

participation. The strategy of water and soil conservation 

measures and farm management can be considered as a 

defensive strategy (WT). This strategy, considering the 

biophysical obstacles or environmental hazards (including 

rough and impassable topography, risk of avalanches, 

water erosion, floods, mass movements, and riverbank 

erosion) in the Shulabad Watershed and the presence of 

steep and heavily eroded agricultural lands, is proposed. 

Allocating appropriate facilities for the development of 

mechanized agriculture and terracing steep lands is 

suggested. 
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ARTICLE INFO  ABSTRACT 

Article history:  The dust phenomenon has many dangers for human society and is of special 

importance for the residents of Iran. Different researchers have studied this 

phenomenon from different angles. In terms of the significance of the subject and 

the dangers arising from it, it is still at the top of the topics of interest of researchers 

all over the world. This research aims to use DSI, UNEP and SPI Indices in the 

evaluation and zoning of dust storms in Semnan Province. In this research, the 

temporal distribution of dust storms in Semnan, taking into account the weather 

conditions and the average wind speed of the study area during the years 2003 to 

2017, was investigated in five synoptic stations. The homogeneity of climatic 

parameters and dust storm indices and the trends of these two variables were 

calculated using linear regression in the SPSS software environment, and after 

examining the changing trend of the UNEP index, the resulting information was 

zoned in the ArcGIS software environment. Correlation between drought indices, 

rainfall standard, and DSI shows that the DSI index has increased during the 

analyzed period at the same time as the severity of drought increased and its 

correlation with SPI during the 15 years was significant (R2=0.89). These results 

showed that increasing the amount of drought index has a positive effect on 

increasing the amount of drought index, also the occurrence of dust storms has 

increased with the increase of the drought index.      
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Highlights* 

• DSI in Semnan rose from 2003-2017, peaking in 2011, tied to worsening drought (R2=0.89 with SPI). 

• UNEP index zones Semnan as arid, highly prone to desertification across all stations. 

• SPI shows moderate drought in Damghan (-0.15), normal conditions elsewhere in Semnan. 

• Dust storms surged west-to-east, linked to moderate dust days (MDS), per DSI zoning. 

• June-July high winds and low moisture drive dust storms, per climatic data analysis. 

 

1. Introduction 
Droughts, which occur frequently as a natural disaster, 

can have various impacts on water resources including the 

supply and quality of water, as well as the availability of 

both surface and subsurface water. In addition, proper 

management of water resources may also be affected by 

droughts, as reported by several studies (van Loon et al., 

2014; Amin et al., 2016; FAO, 2017; Scanlon et al., 2017). 

Four types of droughts are generally acknowledged, with 

the first one being meteorological drought. This type of 

drought is due to insufficient precipitation (Beguería et al., 

2014; Das et al., 2016; Ahmadalipour et al., 2017; Hameed 

 
* Corresponding author. 

  E-mail address: e.yousefi.m@gmail.com 
  https://doi.org/10.22034/jelsa.2025.489843.1089 

et al., 2018). The second type of drought is agricultural 

drought, which takes into account the deficit of moisture in 

the soil (Gao et al., 2014; Mishra et al., 2015; Nichol & 

Abbas, 2015; Vicente-Serrano et al., 2015; Yan et al., 2017; 

Karimi Sangchini et al., 2020). The third type of drought is 

hydrological drought, which refers to a deficiency of both 

surface and subsurface water (Barker et al., 2016; van Loon 

& Laaha, 2015; Zhang, 2017). The fourth type of drought 

is socio-economic drought, which considers the inadequacy 

of the water resources system caused by the other types of 

droughts (Huang et al., 2016; Maia et al., 2015). With the 

rise in global temperatures, the rate at which water moves 

http://www.aes.uoz.ac.ir/
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around the planet is increasing causing more frequent and 

severe instances of extreme weather like floods and 

droughts (Guo et al., 2019; Han et al., 2019; Ren et al., 

2019; Yu et al., 2020). Drought is often measured using 

drought indices. However, because the concept of drought 

is multifaceted and difficult to define precisely, no single 

measure can fully capture all aspects of drought severity 

and the impacts it has (Vicente-Serrano et al., 2020; Lloyd-

Hughes, 2014). According to Sun et al. (2019), there has 

been a growing trend of droughts that vary in their intensity 

and duration, lasting anywhere from one month to several 

years (Yousefi Mobarhan et al., 2023, Yousefi Mobarhan 

et al., 2024). Additionally, Middleton (2017) notes that dust 

storms have become a significant natural hazard 

worldwide, particularly in regions that are arid or semi-

arid. This occurrence is noticeable in regions that undergo 

consistent droughts, minimal precipitation and moisture, 

unstable and susceptible soil, insufficient flora, and 

powerful winds (Goudie, 2018). Conversely, if an area has 

appropriate vegetation and beneficial environmental and 

ecological circumstances, the number of these storms is 

infrequent. They are more likely to happen in hot and arid 

climates with sparse and dispersed vegetation (Xiao et al., 

2008; Tan, 2016; Goudie & Middleton, 2006). Due to its 

location on the desertification and wind erosion belt and 

having over 30% of its territory being arid or semi-arid, 

Iran is at risk of this occurrence. The recent prolonged 

periods of drought have led to significant portions of Iran 

being affected by dust storms. These storms are more 

frequent and severe in the eastern and western parts of the 

country compared to other regions, with the southeast being 

recognized as one of the primary sources of dust globally 

(Arami et al., 2018; Fiedler et al., 2014; Miri, 2020; Miri et 

al., 2009; Rashki et al., 2013).  

The impacts of dust storms on the environment are 

extensive. Apart from the source regions where millions of 

tons of soil particles are lost, they also affect transportation 

and sedimentation environments. These storms cause air 

pollution due to the surge in dust particle concentration, 

posing a threat to human health, reducing visibility leading 

to accidents on roads, destroying farmlands, reducing crop 

yields, and burying residential areas. These detrimental 

consequences are among the effects of this phenomenon 

(Middleton, 2017; Miri et al., 2007; Wang et al., 2006; Xiao 

et al., 2008). Overall, it can be concluded that the wide 

expanse of dry and semi-arid climates in Iran and 

neighboring countries, coupled with the inappropriate 

utilization of water and soil resources, have led to wind 

erosion and the occurrence of dust and quicksand 

phenomena. These phenomena impact population centers, 

industrial regions, agricultural lands, and infrastructure 

structures annually (Yousefi Mobarhan & Khaleghi, 2024). 

Based on the research carried out in this area, it can be 

asserted that climate data has not been utilized for dust 

storm classification in Semnan province so far. The 

occurrence of dust storms and quicksand movements is 

viewed as a critical land degradation process and a 

significant obstacle in Iran, particularly in Semnan 

province. As climatic factors significantly contribute to this 

phenomenon, their consideration is crucial (Yousefi 

Mobarhan et al., 2021). Hence, it is crucial to investigate 

and comprehend these factors that contribute to the 

emergence and escalation of dust phenomena in order to 

prevent environmental crises in the future. This study aims 

to assess and categorize the dust phenomenon in Semnan 

province by analyzing the climatic data collected from 

synoptic stations. The primary objective is to explore the 

relationship between drought patterns, UNEP1 method, 

SPI2, and DSI3 from 2003 to 2017 in Semnan province. 

2. Materials and methods 
Semnan province is located between 34° 17ˊ to 37° 51ˊ 

N and 51° 58 ˊ to 57° 58 ˊ E and approximate area of 98,000 

square kilometers. This region is located on the southern 

slopes of the Alborz Mountain range and covers more than 

half of its surface area with desert plains. The elevation of 

the province gradually decreases from the north to south, 

with a difference of more than 3000 meters in height. The 

average altitude above sea level is 1067 meters, and it can 

be divided into three distinct regions: mountainous, 

foothills, and lowland areas. The temperature in this 

province ranges from 12.8 to 23.7 degrees Celsius, and the 

average temperature is 18.3 degrees Celsius. The annual 

rainfall is around 136 mm. Figure 1 shows the geographical 

location of the study area and the position of the synoptic 

stations within Semnan Province. 

2.1. Analysis of climatic data 

To assess both the climatic aspects and the movement 

of sand dunes in the region, the quality control data from 

Semnan Meteorological Organization was utilized. To 

achieve this goal, five synoptic stations were carefully 

chosen within the study area based on both the availability 

of data and the research objectives. The data collected from 

these stations spanned the period from 2003 to 2017, and 

Table 1 provides detailed information on the specifications 

of the selected stations. 

 

Table 1. the characteristics of the synoptic stations of Semnan Province 

Rows Station Name Longitude Latitude Sea Level (M) Average Precipitation (mm) 

1 Biyarjomand 55.81 36.09 1099 122 

2 Damghan 54.32 36.15 1155 107 

3 Semnan 53.42 35.59 1127 136 
4 Shahroud 54.39 36.38 1325 164 

5 Garmsar 52.36 35.24 899 184 

 

2.2. Determining the Dust Storm Index (DSI) 

 
1 United Nations Environment Programme 
2 Standardized Precipitation Index 

3 Dust Storm Index 
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The DSI index was computed for a 15-year period at the 

synoptic stations situated in Semnan province using Eq, 1. 

The overall value of the DSI index was then established for 

Semnan province by aggregating the values obtained from 

each station. The annual changes in the DSI trend were 

analyzed through statistical and experimental means, and 

the gathered information was eventually categorized into 

zones. 

DSI= ∑ [(5×SDS)+MDS+(0.05 ×LDE)

n

i=1

]i 
(1) 

SDS = Stormy days with severe dust, total observations 

of dust codes, maximum daily code 33-35 

MDS = Stormy days or average dust, total observations 

of dust codes, maximum daily code 30, 32, and 98 

LDE = Days of storms or local dust, the sum of 

observations of dust codes, daily maximum code 07 and 09 

The Dust Storm Index (DSI) was recorded at several 

stations during a specific period to determine the impact of 

drought on fine dust. Trend analysis was conducted by 

comparing the trends of these variables from 2003 to 2017, 

using least square linear regression against the relevant 

climate data (Yousefi et, al. 2021). 
 

 
Figure 1. Geographical location of synoptic stations in the study area 

 

2.3. Determining the Standard Rainfall Index (SPI) 

To develop effective strategies for managing drought, 

monitoring systems play a crucial role. To quantify this 

phenomenon, drought indices are utilized. One such index 

is the Standard Precipitation Index (SPI), which measures 

rainfall deficits across various time scales ranging from one 

to 48 months (McKee et al., 1993).  

The SPI is a precipitation-based drought index that 

assumes two hypotheses: firstly, that precipitation 

variability outweighs other variables like temperature and 

potential evaporation/transpiration, and secondly, that 

other variables have insignificant time trends. As one of the 

most commonly used indices in drought monitoring, SPI 

helps assess dry periods by including a time scale in its 

calculations. Monitoring systems for calculating SPI are 

vital for developing plans to manage and mitigate drought. 

Overall, drought indices like SPI quantify the phenomenon 

of rainfall deficit across various time scales. The SPI relies 

solely on precipitation and operates under two 

assumptions: firstly, that precipitation variability is 

significantly greater than that of other variables like 

temperature, evaporation, and transpiration; and secondly, 

that other variables do not have significant time trends. 

This index is widely used in drought monitoring and 

assesses dry periods by including a time scale.  

SPI and SPEI calculations are based on average values 

over the area of interest, with a value of 0 indicating near-

average conditions for that particular region. However, the 

same value for SPEI can indicate varying degrees of water 

stress in different regions, depending on their respective 

long-term averages (Parsons et al., 2019).  

The time scale for drought assessment varies based on 

the effects it has on hydrological and agricultural resources. 

The time scale can range from one month to several years.  
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Table 2. Classification of SPI index 

Severity of drought SPI 

Acute fear <2.00 

Extreme fear 1.99 – 1.55 

Moderate fear 1.49 – 1.00 
Normal 0.00 – 0.99 

Moderate drought 0.00 - -0.99 

Extreme drought -1.00 - -1.49 
Acute drought -1.50 - -1.99 

 

SPI calculations are solely based on precipitation data. 

In this study, rainfall data from a three-month period within 

the desired time scale was used to calculate SPI values for 

each station. The calculation of SPI involves Eq. 2 and two 

classification values are presented in the table (Yousefi 

Mobarhan & Zandifar, 2023). 

𝑆𝑃𝐼 =  
𝑋𝑖𝑘 −𝑋𝑡̅̅ ̅

𝛿𝑖
,  (2) 

2.4. Determining the aridity index of UNEP 

This study utilized the UNEP aridity index (UNEP, 

1991) to evaluate the level of dryness in the air and climate. 

The index is recognized by the United Nations Convention 

to Combat Desertification (UNCCD) and is a useful 

scientific tool for assessing the climatic conditions of 

regions and the likelihood of desertification. Several 

studies including Zare et al. (2016), Tavousi (2018), Tavosi 

et al. (2019), Abtahi and Darvish (2019), and Zandifar et 

al. (2020) have confirmed its effectiveness. Eq. 3, defined 

as the ratio between precipitation and potential evaporation 

and transpiration, is used to determine the prevailing 

climate and risk of desertification according to Table 3, 

which is based on the UNEP drought index (Yousefi 

Mobarhan et al., 2024). 

𝐼 =
𝑃

𝐸𝑇𝑃
  (3) 

I: UNEP index,  

P: average annual precipitation (mm) 

ETP: average potential evapotranspiration (mm). 

 
Table 3. Climate zoning based on the UNEP aridity index 

Climate type Dryness index The danger of desertification 

Ultra Arid I<0.05 Desert 
Arid 0.05<I<0.2 Very Intense 

Semi-Arid 0.02<I<0.5 Intense 

Dry, Sub-Humid 0.5<I<0.65 Moderate 
Sub-Humid 0.65<I<0.75 Low 

Wet and very humid 0.75<I NON 

 
3. Results and analysis 

3.1. Analysis 

To gather comprehensive information on the condition 

of dusty days and dust storms in the study area, a statistical 

index spanning 15 years (from 2003 to 2017) was used. 

Graphs showing the long-term changes in precipitation, 

temperature, annual wind speed, evaporation, and 

transpiration were created using data from the synoptic 

stations in the Semnan province. Figure 2 displays the 

annual potential, while Figure 3 represents the monthly 

potential. The highest amount of rainfall on both the annual 

and monthly scales occurred in 2007 and during April and 

May, respectively, in the Semnan province (as illustrated in 

Figure 2). The data presented in Figure 2 reveals that July 

and August experienced the highest average, maximum and 

minimum temperatures, while January had the lowest. On 

a seasonal level, the maximum and minimum temperature 

events occurred during summer and winter, respectively. 

 

  
Figure 2. displays a graphical representation of the enduring alterations in yearly (A) and monthly (B) rainfall patterns observed at synoptic 

stations within Semnan province. 
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Figure 3. depicts a graphical representation showcasing the enduring alterations in yearly (A) and monthly (B) temperature patterns observed 

at synoptic stations within Semnan province. 

 

  
Figure 4. illustrates a graphical representation of the enduring modifications in the yearly (A) and monthly (B) wind velocity at the synoptic 

stations located in Semnan province. 

 

  
Figure 5. presents a schematic depiction of the long-term fluctuations in the yearly (A) and monthly (B) potential evapotranspiration at the 

synoptic stations situated in Semnan province. 

 

Figure 3 shows that the highest surface wind speed was 

recorded in June and July in most of the synoptic stations 

of Semnan province. The analysis of potential evaporation 

and transpiration from 2003 to 2017 indicates that July 

witnessed the highest amount of these events in Semnan 

province, which coincides with the peak of temperature 

events during the same month. Other months did not 

observe such high levels of potential evaporation and 

transpiration. According Figure 4, the presence or absence 

of moisture is a crucial factor in the formation of dust 

storms alongside unstable air. If the unstable air contains 

adequate moisture, it leads to the occurrence of rain and 

thunderstorms, whereas insufficient moisture results in a 

dust storm. Results from the correlation analysis between 

monthly average temperature and the dust pollution index 

indicate a positive correlation between these variables. 

Conversely, the relationship between the monthly average 

relative humidity and the dust pollution index is inverse in 

nature (Saavedra et al., 2012). 

3.2. Status of FAO-UNEP drought index 

The UNEP aridity index, which is an effective tool 

approved by the United Nations Convention to Combat 

Desertification, was utilized in this study to measure the 

dryness factor of the air and climate. This index has been 

cited in various studies as a way to assess climatic 

conditions and desertification risk in different areas. The 

first relationship, represented by a ratio of precipitation and 

potential evapotranspiration, is used to determine the 

prevailing climate and desertification risk level of a region. 
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Table 2 outlines the weather conditions according to the 

UNEP drought index (Zare et al., 2016; Tavousi, 2018; 

Tavosi et al., 2019; Abtahi and Darvish, 2019; Zandifar et 

al., 2020). 

3.3. Status of SPI index 

To map out the distribution of drought in the province, 

data from synoptic stations and changes in SPI in Semnan 

were analyzed, resulting in Figure 6. Out of the eight 

synoptic stations in Semnan, five were chosen for analysis: 

Biyarjomand, Damghan, Garmsar, Semnan, and Shahroud. 

Damghan station was found to be in the moderate drought 

category with an SPI index value of -0.15, while Garmsar, 

Semnan, and Shahroud stations scored 0.77, 0.91, and 0.26 

respectively, placing them in the normal class. The 

Biyarjomand station scored the highest at 1.15, indicating 

average precipitation levels. Table 4 summarizes these 

classifications. Additionally, a weak correlation between 

DSI and SPI indices with a correlation coefficient of 0.46 

was found, suggesting an unfavorable correlation between 

them. Moreover, meteorological drought was found to have 

no impact on dust storms according to the results of the 

correlation analysis between SPI and DSI shown in Figure 

6. The distribution of drought was determined based on the 

Standard Rainfall Index. 

 
Table 4. Classification of drought based on the stations of Semnan province 

Rows Station Name SPI Drought class 

1 Biyarjomand 1.15 Moderate fear 

2 Damghan -0.15 Moderate drought 
3 Garmsar 0.77 Normal 

4 Semnan 0.91 Normal 

5 Shahroud 0.26 Normal 

 

 
Figure 6. Drought distribution map of Semnan Province in the period of 2003-2017 

 

3.4. Status of Dust Storm Index (DSI) 
The study examined the trend of the DSI index at 

different stations over a period of time. The results 

indicated that at Garmsar, Semnan, Damghan, and 

Shahroud stations, there was a direct and significant 

correlation between the DSI index and time, meaning that 

as time increased, the frequency of dust during the year also 

increased. On the other hand, at the Biarjmand station, there 

was a significant inverse relationship between the two 

variables, indicating that as time increased, the intensity 

and frequency of dust decreased. Moreover, the analysis of 

the DSI index trend in Semnan province revealed that the 

index has been increasing with time, reaching its highest 

value in 2011 and its lowest value in 2008 (as shown in 

Figure 7).  

To compare spatial-temporal changes in various 

stations, the intensity of changes in the DSI index was 

calculated and then divided into zones using ArcGIS 

software. This resulted in a map depicting the 15-year 

trends in increasing and decreasing changes (Figure 8). The 

green points on the map indicate a decrease in dust, while 

the red and orange points represent an increase in dust over 

the mentioned period. The observed increase in dust from 

west to east of the province is likely due to the rise in 

stormy days with medium dust (MDS) frequency. 



Agriculture, Environment & Society (AES) 

 

75 

 

 
Figure 7. Trend of dust storm index (DSI) during the studied years in Semnan province 

 

 
Figure 8. Regionalization of DSI index changes in different regions of the province in a 15-year statistical period (2003-2017) 

 

Upon closer analysis of the relationship between 

drought indices, rainfall standards, and DSI, it was found 

that the severity of drought increased during the same 

period as the rise in DSI index, and there was a significant 

correlation between DSI and SPI over the 15-year period 

with an R2 value of 0.89. Table five also indicates a strong 

correlation between drought index, DSI, and SPI in the 

region. In fact, during dry seasons, the DSI value decreases, 

while during wet seasons, the dust index value increases (as 

shown in Figure 9). 

3.5. Reviewing the situation of the drought index (FAO-

UNEP) 

Table 5 displays the categorization of arid regions using 

the UNEP index for five stations in the area under 

investigation, which indicates that this region falls within 

the dry climate zone and is highly susceptible to 

desertification according to the UNEP climate index 

(Figure 10). 
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Table 5. Classification of dry areas based on the UNEP index 

Rows Station Name Dryness index Climate and weather 
The danger of 

desertification 

1 Garmsar 0.16 Arid Very Intense 

2 Semnan 0.12 Arid Very Intense 
3 Damghan 0.1 Arid Very Intense 

4 Shahroud 0.11 Arid Very Intense 

5 Biyarjomand 0.08 Arid Very Intense 

 

 

 

 
Figure 9. The degree of correlation between drought indices, SPI, DSI & FAO-UNEP 
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Figure 10. Drought distribution map of Semnan province with FAO-UNEP method in the period of 2003-2017 

 

4. Conclusions 
Dry area ecosystems have a highly variable climate, 

making them susceptible to changes in weather patterns 

and climate change. Dust storms have long been a source 

of trouble for inhabitants of dry and semi-arid areas. This 

study focuses on Semnan province, one of Iran's dry 

regions, to investigate the frequency of dust days at both 

yearly and monthly scales by considering local climatic 

conditions, such as rainfall, temperature, and wind speed. 

The findings indicate that over the 15-year period from 

2003-2017, the average annual temperature increased 

significantly, leading to drought stress in the region. 

Moreover, the temperature rise has caused greater 

evaporation and transpiration and resulted in decreased 

moisture levels. The recent rainfall has caused an increase 

in surface water loss on Earth. By analyzing wind speed 

data on a monthly basis for each station, it was found that 

the months of June and July, with the highest prevailing 

wind speeds, have the greatest likelihood of dust storms 

occurring in the province. Conversely, the months of 

December and January had the lowest incidence of dust 

storms, which is consistent with findings from previous 

studies by Nabavi et al. (2019). Based on the UNEP index, 

the severity of drought in the studied area is quite intense 

and at risk of severe desertification. The analysis of the 

trend in the dust storm index for the time period of 2003-

2017 across Semnan province indicated a significant 

increase with changes occurring at a 95% confidence level. 

However, the lack of significance in changes during the last 

decade suggests that policy decisions related to dust 

management in the region have had an impact (Asghari-

Podeh, 2014). The division of changes in the DSI index 

across various regions of the province over the 15-year 

statistical period indicates that dust levels have risen from 

the west to the east due to an increase in the frequency of 

moderate dust storm days (MDS). In examining the 

relationship between drought and the DSI index, it was 

found that although the DSI index increased during the 

studied period along with an increase in drought severity, 

there was no significant correlation between the two factors 

over the 15 years. Nevertheless, the trend in the DSI index 

corresponds to a dry trend pattern, which aligns with the 

findings of Rahi et al.'s research (2022) and Yousefi 

Mobarhan & Khaleghi (2024). 
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ARTICLE INFO  ABSTRACT 

Article history:  Agriculture is a cornerstone of societal production, playing a pivotal role in food 

security, economic development, and environmental sustainability. However, the 

escalating use of chemical inputs and fossil fuels in agricultural systems has raised 

significant concerns about their environmental sustainability. This study applies the 

life cycle assessment methodology—specifically the CML 2001 baseline method 

developed by Leiden University and in accordance with ISO 14044 standards—to 

evaluate the environmental impacts of four major crops: wheat, barley, alfalfa, and 

rice, cultivated in the Lenjanat watershed of Isfahan Province, Iran.  The functional 

unit was defined as the production of one ton of each crop, with the system 

boundary encompassing all farm activities from land preparation to harvest. Data 

were collected for the agricultural year 2020–2021 and analyzed using SimaPro 9.2 

software and the Ecoinvent database. The results indicated that rice had the highest 

global warming potential at 4137.85 kg CO₂-eq ton-1, primarily due to its high water 

demand and diesel fuel consumption. Wheat exhibited the highest acidification 

potential at 28.11 kg SO₂-eq ton-1 and the highest eutrophication potential at 11.79 

kg PO₄³⁻-eq ton-1, driven by excessive nitrogen and phosphate fertilizer use. Alfalfa, 

while showing the lowest global warming potential and eutrophication potential, 

had the highest photochemical oxidant formation potential at 0.392 kg C₂H₄-eq ton-

1 due to frequent harvesting operations. The study underscores the critical role of 

nitrogen fertilizers, diesel fuel, and phosphate fertilizers in environmental impacts. 

To mitigate these effects, adopting organic inputs, modern irrigation technologies, 

reduced tillage, and optimized fuel use are recommended. These strategies can 

significantly enhance agricultural sustainability in the Lenjanat region.                           
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Highlights* 

• The study assessed the environmental impacts of four crops using Life Cycle Assessment. 

• Rice had the highest global warming potential due to water use and diesel fuel. 

• Wheat showed the highest acidification and eutrophication potential from fertilizer use. 

• Alfalfa's frequent harvesting led to high photochemical oxidant formation. 

• The study suggests improving irrigation, fertilizer use, and machinery efficiency. 

 

1. Introduction 
Agriculture is one of the most fundamental production 

sectors in any society, playing a vital role in ensuring food 

security, economic development, and environmental 

sustainability. However, several challenges have emerged, 

including increasing population, climate change, limited 

natural resources, and growing competition over land and 

water use. These challenges have placed immense pressure 
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on agricultural systems, particularly in terms of resource 

management and environmental impact. The growing 

reliance on external inputs, such as chemical fertilizers, 

pesticides, and fossil fuels, has led to significant 

environmental consequences, including soil and water 

contamination, greenhouse gas emissions, reduced 

biodiversity, and the degradation of ecosystems (Hoekstra 

et al., 2012; Dekamin et al., 2024). Approximately 20% of 
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global greenhouse gas emissions originate from 

agricultural activities, with a large share attributed to 

nitrogen fertilizers and fossil fuels used in sowing, 

cultivation, and harvesting operations (Hoekstra et al., 

2012; Nemecek et al., 2024). These realities underline the 

urgent need for accurate, cost-effective, and data-driven 

methods to assess and mitigate the environmental impacts 

of agricultural production. 

One of the most internationally recognized approaches 

for environmental impact assessment is Life Cycle 

Assessment (LCA). Defined under ISO 14040 and ISO 

14044 standards, LCA evaluates all inputs and outputs of a 

product or process from raw material extraction to final 

disposal. In the agricultural sector, LCA is commonly 

applied with a “cradle-to-farm-gate” system boundary, 

which encompasses input consumption, energy use, 

farming operations, and the associated emissions and 

outputs (Roy et al., 2009; Dekamin et al., 2018; Dekamin 

et al., 2022). Over recent years, the application of LCA in 

agricultural studies has expanded significantly. This 

method provides a systematic tool for quantifying 

environmental impacts at every stage of crop production, 

from input procurement to on-farm use (ISO, 2006). 

Numerous studies worldwide, including in Europe, 

Australia, and beyond, have assessed the environmental 

impacts of crop production using LCA. In Iran, research by 

Mirhaji and Khojastehpour (2011) in South Khorasan, 

Koocheki et al. (2018) in Khorasan Razavi, and Aliqolinya 

(2015) in the Urmia Lake basin, all emphasized the 

essential role of LCA in assessing agricultural 

sustainability. In the field of agriculture, LCA is mainly 

employed to identify environmental hotspots in cropping 

and horticultural systems (Afshar et al., 2022). Several 

studies have applied LCA in horticultural production, 

including Nikkhah et al. (2017), who evaluated peach 

production in Mazandaran and Golestan provinces, and 

Mohseni et al. (2019), who assessed the energy use and 

environmental impacts of grape production. Similarly, 

Ghasempour and Ahmadi (2018) employed LCA to 

evaluate corn, wheat, and soybean production systems. 

International studies in China (Zhu et al., 2018), Spain 

(Martin-Gorriz et al., 2020), and Italy (Pergola et al., 2022) 

have used LCA to evaluate the environmental performance 

of various agricultural crops. Across all these studies, 

nitrogen fertilizers, diesel fuel, and pesticides have been 

identified as the major contributors to environmental 

degradation. In the study by Zamani et al. (2024), the 

IMPACT 2002+ method was employed to assess 

environmental effects, revealing that walnut production 

caused the highest negative impacts across multiple 

categories, including human health, ecosystem quality, 

resource use, and climate change. 

The Lenjanat region in Isfahan Province—one of the 

central agricultural hubs of Iran—faces intensive water 

consumption, a high dependency on chemical inputs, and 

traditional farming structures. These characteristics 

highlight the need for comprehensive environmental 

assessments. The region's four major crops—wheat, barley, 

alfalfa, and rice—differ significantly in their input 

requirements and productivity, making them suitable 

candidates for Life Cycle Assessment aimed at informing 

sustainable agricultural management. 

Agriculture in Lenjanat, located in Isfahan Province, is 

vital to the local economy. However, the region faces 

challenges due to its semi-arid climate, characterized by 

low annual rainfall (ranging from 200 to 250 mm) and high 

summer temperatures exceeding 35°C. These climatic 

conditions significantly increase the demand for irrigation, 

which relies primarily on surface water from the 

Zayanderud River and groundwater. Due to limited water 

availability, farming practices in Lenjanat heavily depend 

on chemical inputs, such as nitrogen fertilizers and 

pesticides, to enhance crop yields. The region grows crops 

like wheat, barley, alfalfa, and rice, each requiring specific 

water and input management strategies. This, combined 

with traditional farming practices, underscores the need for 

sustainable approaches to ensure long-term agricultural 

productivity and environmental balance in the region. 

Despite a growing body of global research applying 

LCA in agriculture, there is a significant gap in localized 

data, particularly in arid and semi-arid regions like 

Lenjanat. Existing studies often rely on generalized data 

that may not fully capture the unique environmental 

conditions and farming practices of these regions. 

Additionally, there is a lack of comprehensive supply chain 

analysis that accounts for the full range of inputs and 

outputs in agricultural production. This study aims to 

address these gaps by providing detailed, localized LCA 

data for four major crops in Lenjanat. By offering a more 

context-specific assessment of environmental impacts, this 

research is crucial for developing sustainable agricultural 

management strategies in the region. 

The primary objective of this analysis is to identify key 

processes and inputs contributing to environmental impact 

categories, offering strategies for optimizing resource use 

and mitigating environmental damage. The findings of this 

study are expected to highlight critical hotspots in input and 

energy consumption, which will provide a foundation for 

management strategies aimed at reducing environmental 

impacts and enhancing sustainability in crop production 

systems. Additionally, the insights gained from this study 

may help agricultural policymakers optimize cropping 

patterns and input use in areas with similar ecological and 

climatic conditions. 

2. Materials and Methods 

2.1. Study Area 

The Lenjanat region consists of three main counties: 

Lenjan, Mobarakeh, and Dehaghan. Lenjan County is 

located in the western part of Isfahan Province and covers 

an area of 1,172 km², which represents approximately 1.1% 

of the total area of Isfahan Province. Lenjan is situated 35 

km southwest of Isfahan city, with an average elevation of 

1,700 meters above sea level. Lenjanat County, with its 

center in Zarinsahr, is located in the southwestern part of 

Isfahan Province and lies within the Central Plateau of Iran. 

Climatically, this area falls under the semi-arid and arid 

regions of the country. Geographically, it is positioned at 

approximately 51° longitude and 32° latitude. The average 
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annual rainfall in this county ranges from 200 to 250 mm, 

which is below the national average of Iran, and its 

distribution is uneven, mainly occurring in winter. 

Additionally, the summer temperatures in this area exceed 

35°C, and the high evaporation rates further increase the 

water demand for crops. 

Due to the limited availability of water resources, 

agriculture in this region is primarily irrigated using water 

from the Zayanderud River and underground water 

resources. The significant reduction in the Zayanderud 

River flow in recent years, along with the declining 

groundwater levels, has posed major challenges to the 

sustainability of agricultural production. The region has a 

long history of cultivating crops such as wheat, barley, 

forage corn, alfalfa, potatoes, and vegetables, which 

constitute a substantial part of the local economy. 

Given that Lenjanat shares the characteristic features of 

dry regions, including low rainfall, high temperatures, 

limited water resources, and high dependence on chemical 

agricultural inputs, it can serve as a representative area for 

studying the environmental impacts of crop production in 

arid climates of Iran. Evaluating the consequences of input 

consumption, pollutant emissions, and water resource use 

in such regions can significantly contribute to sustainable 

agricultural management strategies under similar 

ecological conditions. 

2.2. Study Objective and Scope 

The primary objective of this research is to assess the 

environmental impacts of producing four major crops, 

namely wheat, barley, alfalfa, and rice, in the Lenjanat 

watershed in Isfahan Province using the LCA method. The 

scope of this assessment includes all environmental inputs 

and outputs related to farm operations, from land 

preparation to crop harvest. The selection of these crops 

was based on their significant cultivation area, economic 

importance in the region, and differences in their water and 

input requirements. 

2.3. LCA Theoretical Framework 

The LCA method is based on international standards 

ISO 14040 and ISO 14044 and includes four main stages: 

(1) goal and scope definition, (2) life cycle inventory 

analysis (LCI), (3) life cycle impact assessment (LCIA), 

and (4) interpretation of results (ISO, 2006a; ISO, 2006b). 

This approach is highly suitable for analyzing the 

cumulative environmental impacts of a production system 

throughout its life cycle, especially in agricultural systems 

where the diversity and interdependence of inputs are high 

(Guinée, 2002). 

2.4. Functional Unit 

For this study, the functional unit was defined as the 

production of one ton of each agricultural crop. This unit 

serves as the basis for comparing the environmental 

impacts of different products and helps evaluate the 

efficient consumption of resources and the generation of 

pollution across various crops (Roy et al., 2009). 

2.5. System Boundaries 

The system boundary of this study is “cradle-to-farm-

gate,” which includes all activities occurring within the 

farm, such as land preparation, sowing, input consumption 

(seeds, fertilizers, pesticides, fuel, and labor), farm 

operations, irrigation, and harvest. Post-harvest processes 

such as packaging, transportation, and processing are not 

included in this study’s scope (Nemecek & Schnetzer, 

2010). 

2.6. Data Collection 

Isfahan Province, a comprehensive and structured data 

collection approach was adopted. The primary source of 

data was field surveys conducted among local farmers, 

complemented by expert consultations and secondary data 

from reputable databases. The study focused on both 

traditional and modern agricultural practices across 

different irrigation methods and crop types. For this study, 

data were collected from farms across the Lenjanat 

watershed, Isfahan Province. These calculations were 

performed using Cochran’s formula, which considers a 

95% confidence level and a 5% margin of error.   The results 

of these calculations are presented in Table 1, which shows 

both the initial and final sample sizes for each crop.  

 

Table 1. initial and final sample sizes for each crop 

Crop Initial Sample Size (n ) Final Sample Size (n) 

Wheat 101 47 
Barley 82 41 

Alfalfa 68 36 

Rice 59 33 

 

A detailed questionnaire was designed to gather 

essential information on farming operations, energy inputs, 

and resource use. The questionnaire was divided into 

several sections, including (1) demographic information of 

farmers (e.g., age, education, years of experience), (2) farm 

characteristics such as total area, cultivated area, and crop 

variety, (3) input quantities used during the production 

cycle (e.g., seeds, fertilizers, manure, pesticides, fuel, 

water, electricity), and (4) operation-specific details for 

land preparation, sowing, crop maintenance, and harvesting 

activities. Additional questions addressed labor inputs 

(e.g., type and number of workers) and transportation 

logistics for both inputs and harvested products. 

In order to enhance the accuracy and reliability of the 

data, face-to-face interviews were conducted with selected 

farmers across the Lenjanat watershed. These interviews 

were complemented by consultations with agricultural 

experts, including extension officers, researchers, and 

faculty members from regional universities. The dual 

approach of farmer interviews and expert validation 

ensured that the collected data reflected actual field 


